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Abstract

The connectivity and availability of social media platforms in the world allows people to
express sentiments and share experiences easily by providing sentiments. Analyzing
sentiment data from social media helps to understand customers feeling, make decision
and design strategies. The social media sentiment data can contain multiple languages
and mixed words of languages. However, it is difficult to analyze the sentiments of the

data that contain multiple languages and mixed languages of words.

This research work is, therefore, aimed to design sentiment analysis on social media data
to analyze trilingual (i.e., English, Amharic and Tigrigna) sentiment sentences based on
lexicon approach. The trilingual sentiment analysis system consists of seven main
components: preprocessor, language identifier, morphological analyzer, sentence
constructor using root words, sentiment word detector, sentiment word polarity weight

determiner and sentiment classifier.

The preprocessor cleans the data, tokenizes sentiment sentence into lists of words and
performs normalization. The language identifier identifies the language of the texts. The
morphological analyzer analyzes morphology of sentiment text words in order to handle
the morphological complexity of the languages and to detect sentiment words in the
sentence. Sentiment word weight determiner determines the polarity weight of the
sentiment words based on the sentiment lexicons. The sentiment classifier classifies
sentiment sentences into positive, negative and neutral polarity classes using the polarity

weight values of the sentiment words in the sentiment sentences.

The prototype of the system was developed to test and evaluate the functionality of the
system. To test and evaluate the system, 564 sentiment sentences were collected from
Facebook and YouTube. To measure the accuracy of the system in sentiment
classification precision, recall and F-measure evaluation metrics were employed, and an

average precision 87.49%, recall 84.78% and F-measure 85.99% were obtained.

Key words: Social Media, Sentiment Analysis, Trilingual Sentiment Analysis, Sentiment
Words, Multilingual, Sentiment Polarity.
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Chapter One: Introduction
1.1 Background

Social media is a group of Internet based applications that builds ideological and
technological foundation of web 2.0 and allows for creation and exchange of user
generated contents [1]. In recent years, social media shows tremendous growth all over
the world [2]. Various social media like Facebook, LinkedIn, Twitter and YouTube have
millions of users which connect these users in a single village of the world. Through
social media, users can easily share their experience and influence each other by

providing sentiments [2].

People’s idea and thought towards some specific objects or a view, judgment and
appraisal formed in a mind for a particular thing in the real world is an opinion which is
the key influence of human behavior in daily activities [3]. When we need to make a
decision, we want to know others opinions. In real world governments, political parties,
manufactories and business sectors often want to find public and customers opinions on
the governance system, policy structure/strategy, products and services [5, 28]. To
determine the public opinions, in these days, due to the excessive availability of social
media services, governments, political parties and individuals can easily use and access
the public opinions/contents in the social media in addition to the survey and opinion
polls for the purpose of decision making [3, 6]. Different peoples can easily participate
and express their opinion and feedback on topics posted on social media. However, it is
difficult to find structured and summarized information from the huge amount of opinion
data in social media [15]. To solve this problem, automated sentiment analysis system is

needed.

Sentiment analysis refers to the use of natural language processing, text analysis and
computational linguistics to systematically identify and extract subjective information
from source data [4]. Sentiment analysis is widely applied for analyzing reviews like
movie reviews, consumer product reviews and other applications on social media for the
purpose of determining the attitude and sentiments of the writer/opinion holder with
respect to some topics or the overall contextual polarity of the document. It determines
the subjectivity whether the expression is subjective or objective and uses automated
tools to detect the subjective expressions of opinion holders. In natural language,

subjective expressions are the aspects of the language that are used to express opinions,
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feelings, evaluations and sentiments. Subjective expression adds an additional level of
granularity by further classifying the subjective texts into positive, negative and neutral
polarities. 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. According to [3,5] there are three

levels of sentiment analysis.

i.  Document level sentiment analysis
ii.  Sentence level sentiment analysis

iii.  Aspect level sentiment analysis

In over the world including Ethiopia, different social media are available which include:
Facebook, YouTube and Twitter. Ethiopian social media users can use different
languages like Amharic, Tigrigna, Afaan Oromoo and English to express their
sentiments on topics posted on social media. Hence, the sentiments can contain multiple
languages because of the availability of various languages. Therefore, it is difficult to
automatically analyze the sentiments containing multiple languages [15]. Regarding this,
this study deals with trilingual sentiment analysis to simplify the difficulties of

sentiments written in English, Amharic, and Tigrigna languages.

1.2 Motivation

Sentiment analysis involves text analysis, process natural languages to determine and
evaluate the subjective information from source data [4]. In real world business
companies, governments, political campaigns, politicians and other organizations post
their product, service, agenda, strategy and other issues on social media platforms in
order to get opinions and feedbacks from consumers, public and citizens. Social media
users can also express their feeling, attitude on the posted topics through various natural
languages. But, there are challenges to analyze the sentiments which are written in
multiple languages on the posted topics. To the best of our knowledge, there is no
research done in trilingual sentiment analysis on social media for English, Amharic and
Tigrigna languages. Due to the absence of trilingual sentiment analysis on social media
thousands of comments, feedbacks and opinions written in English, Amharic and
Tigrigna texts cannot be analyzed. In addition to, business companies, governments and

other organizations cannot know consumers, public and citizen’s opinions and feedbacks
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on their product, service, agenda and strategies when the sentiment texts are written in
English, Amharic and Tigrigna languages. This motivated us to develop trilingual
sentiment analysis system that helps to analyze sentiment texts written in English,
Ambharic and Tigrigna languages on social media platforms.

1.3 Statement of the Problem

The growth of Internet technologies and the availability of smartphones provide the
benefit for peoples to actively express their sentiments on 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.
Social media users can write and express their sentiments, feedbacks and feelings by
using multiple natural languages like Amharic, Tigrigna, Afaan Oromoo and English
languages on topics posted on social media. It is difficult to understand, analyze and
make decisions from sentiments, feedbacks and feelings written or expressed in multiple
languages in specific topics of domains. Therefore, to solve the problem researchers
studied sentiment analysis in different domains using various languages. For instance,
various researchers studied monolingual sentiment analysis using English [6,7], Amharic
[8,9,10] and Arabic[11,12,13] languages, and also multilingual sentiment analysis
[14,15]. Although monolingual sentiment analysis system cannot analyze the sentiments
written in different languages, they can miss the sentiment information written in other
languages and unable to extend to other languages because they are developed only for

single languages.

Sentiment analysis developed in multilingual also cannot analyze sentiment texts written
in English, Amharic and Tigrigna languages since the languages have their own
linguistic behaviors, and there is a need to study and identify the sentiment patterns of
these languages. In addition to this, the trilingual sentiment analysis needs to have its

own special system that handles and integrates these three languages in a single system.



1.4 Objectives

General Objective

The general objective of this research is to design a trilingual sentiment analysis system

on social media using English, Amharic and Tigrigna languages.
Specific Objectives
This study is specifically aimed to:

= Review literatures on sentiment analysis, technigues of sentiment analysis
and the linguistic behaviors of English, Amharic and Tigrigna languages

= |dentify the language of input texts

* Analyze the morphology of English, Amharic and Tigrigna sentiment words

= Design the general architecture of trilingual sentiment analysis system

= Build trilingual sentiment lexicons for English, Amharic and Tigrigna
sentiment words

= Develop the prototype for trilingual sentiment analysis system

= Collect trilingual sentiment sentences for performance evaluation

= Test and evaluate the system

1.5 Methods

In order to accomplish the objective of the research, the following methods and

procedures will be used.
I.  Literature Review

The literature review deals with reviewing the related literature with the current research
work, sentiment analysis. Sentiment analysis studies in social media using different
languages and levels of sentiment analysis will be reviewed in details. In order to get
better knowledge on sentiment analysis and polarity classifications various techniques
will be reviewed in details. Finally, the linguistic behaviors of English, Amharic and
Tigrigna languages will be reviewed; sentiment pattern of English, Amharic and

Tigrigna languages will be collected and checked by linguistic expertises.



ii. Data Collection

Sentiment sentences will be collected from Facebook and YouTube on domain of movie,
music, politics and hotels for this research work. The sentiment sentences will be
collected manually from the topics posted on Facebook and YouTube. In addition,
preprocessing activities will be done on the collected sentiment sentences to enable

language identification, morphological analysis and sentiment term detections.
ii.  Analyze and Design

Language of input texts will be identified. To identify the language of input texts,
English, Amharic and Tigrigna wordlists will be built in the trilingual lexicons. English,
Ambharic and Tigrigna sentiment words will be analyzed their morphologies and stored
the analyzed sentiment words in the trilingual sentiment lexicons. At last, the general
architecture of the trilingual sentiment analysis system will be designed and modeled

each components of the system.
iv.  Prototype Development

Different open source tools and programing languages will be selected to implement the
system prototype. Python programing language will be used primarily to implement the

system because of the following reasons:

= Itis suitable for natural language processing
= Simple and powerful programing language with excellent features and extensive
libraries

= |t contains a lot of packages that help us to do code reusability

v. Evaluation

Experiment will be conducted to test the functionality of trilingual sentiment analysis
system. The performance of the system will be evaluated in terms of precision, recall and

F-measure.
1.6 Scope and Limitations

This work deals with designing a general architecture for trilingual sentiment analysis
system and developing a working system based on the design. This research work

considers only the inputted sentiment texts grammatically correct, analyzes and classifies



sentiment texts written in English, Amharic and Tigrigna languages and focus only
sentiment analysis at sentence level. Hence, grammatically incorrect texts, slang of
words, sentiments expressed through an image/picture, an audio, video and other
emotional symbols are not the concerns of this study. In addition to, words or texts that
have indirect or hidden meanings such as an idiom/®:® A121C/0P: HHLAN and

ambiguous words are not incorporated in this research work.
1.7 Application of the Results

Considering the growth of the Internet and the availability of social media services, the

application of the results of this research work can have its own benefits as follows.

= Sentiment analysis helps for decision making on activities like to design new
policy and strategies, public service distributions, new product launches

= Sentiment analysis helps for decision making in various domains such as
politics, movies, music and hotels

= |t also provides structured and summarized sentiment information about

public opinion that use mixed languages of English, Amharic and Tigrigna

1.8 Organization of the Thesis

The remaining part of this thesis is organized as follows. Chapter Two presents the
review of related literature which includes: sentiment analysis, approaches of sentiment
analysis and the linguistic behaviors of English, Amharic and Tigrigna languages.
Chapter Three presents related works done on monolingual and multilingual sentiment
analysis system and related areas. The Fourth Chapter deals with the design of a
trilingual sentiment analysis system on social media. The Fifth Chapter presents the
experimental results of trilingual sentiment analysis system. Finally, conclusion,

recommendation and future works are presented in Chapter Six.



Chapter Two: Literature Review

2.1 Introduction

This Chapter explores techniques for discovering the sentiment patterns, the approaches
used for analyzing and classifying sentiment texts written in particular topics either in
monolingual or multi-linguals on social media. The Second Section, 2.2, explains natural
language processing and its applications in the field of computer science and the
concepts of sentiment analysis. Section 2.3 describes the levels of sentiment analysis.
The general concept of multilingual sentiment analysis is presented in Section 2.4. The
sentiment analysis and classification approaches are discussed in Section 2.5. In Section
2.6, the methods helpful for sentiment lexicon generation are discussed. Finally, Section
2.7 describes the linguistic issues in sentiment analysis and linguistic behaviors of
English, Amharic and Tigrigna languages.

2.2 Sentiment Analysis

NLP is the field of computer science, artificial intelligence and computational linguistics
concerned with the interaction between computer and human languages, specifically
concerned with programming computers to fruitfully process huge natural language
corpora [16,17]. It is a way for computers to analyze, understand and derive meaning
from human languages in a smart and useful way. Using NLP, developers can organize
and structure knowledge to perform tasks such as sentiment analysis, automatic text
summarization, machine translation, named entity recognition, speech recognition and

automated question answering.

Social media is one of the most significant information exchange technologies of the 21%
century [18]. Social media users use social media platforms to post messages, photos,
videos and others about their daily activities. Various social media channels such as
Facebook, Twitter, YouTube and LinkedIn provide convenient and efficient ways of
communication and sharing of information publically. Due to this reason, the users of
Internet increase from time to time and the high availability of user texts on the Internet,
extraction of useful information automatically from abundant documents and
unstructured texts obtains an interest to many researchers in many fields, in particular in
NLP community [19].



Sentiment analysis also known as opinion mining [3,5] was firstly proposed in the early
2000 and has become an active research area gradually in natural language processing.
Moreover, various practical applications of sentiment analysis such as market prediction
[20,21], election forecasting [22,23], national relationship analysis [24] and risk
detection in banking system [25] draw extensive attentions from industrial communities.
On the other hand, the growth of social media, electronic commerce and online review
sites such as Twitter, Amazon and Yelp provide a large amount of corpora which are
crucial resources for academic and industrial researches. An interest from both academic

and industrial research promotes the development of sentiment analysis.

The term sentiment analysis first appeared in [26] to extract sentiments associated with
polarities of positive or negative for specific subject from a document, instead of
classifying the whole document into positive or negative. Sentiment analysis is the field
of study 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. There are also many other names for sentiment
analysis though these do have slightly different tasks. For example, sentiment analysis,
opinion mining, opinion extraction, sentiment mining, subjectivity analysis, affect
analysis, emotion analysis, review analysis, review mining, etc. However, all these
names are under the umbrella of sentiment analysis. Sentiment analysis mainly focuses

on opinions which express or imply positive or negative sentiments.

The sentiment consists of three basic components [3,5,26]: opinion holder, object and

opinion.

= QOpinion 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 [27].

= Object is an entity that can be a product, a person, an event, an organization or a
topic which an opinion has been expressed on that object by opinion holders.

= An opinion is the view, attitude, opinion, sentiment or appraisals on a particular
object from an opinion holder. The opinion expressed in the object can be
positive, negative or neutral sentiments or can be a numeric rating scores that
expressing the strength or intensity of the sentiments. During sentiment analysis

the positive, negative and neutral are called the semantic orientations (polarities).



An opinion can be expressed on an object in two ways [28], either in direct opinion or
comparative opinion. Direct opinion: opinions are directly expressed on the object or
features of the object. For example, the bed is good in Axum hotel. Whereas,
comparative opinion expresses a relation of similarities or differences between two or
more objects and/or object preferences of the opinion holder on some of the shared
features of the objects. The comparative opinion is usually expressed using the
comparative or superlative form of an adjective or adverbs, although not always
[26,29,30].

2.3 Levels of Sentiment Analysis

In general, sentiment analysis has been investigated mainly at three levels [5,19,28]. In

this Section, these three levels of sentiment analysis are discussed in details.

Document level: the task at this level is to classify whether the whole opinion
document expresses a positive or negative sentiments [31]. For example, in a given
movie review or product review, the system determines whether the review expresses
an overall positive or negative about the movie or the product. This task is commonly
known as document level sentiment classification, because it considers only the
whole document as the basic information unit. 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.

Sentences level: 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 [19]. Since, subjectivity classification
aims to determine whether the sentence is subjective or objective. A subjectivity
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.

Aspect level: both document level and sentence level sentiment analysis provide
useful information in many applications. However, they don’t provide the necessarily
detail needed information for some other advanced applications. Aspect level
sentiment analysis is proposed to discover detail opinionated texts in the specific

objects. It performs a finer-grained sentiment analysis. Aspect level has several



naming variations including entity (feature, attribute or fine-grained) [6,32] 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. 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 restaurant”, this sentence
contains positive polarity, but we cannot say that this sentence is entirely positive. In
fact, the sentence is positive about the restaurant, but negative to the service. 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. Finally, it provides the
structured summary of sentiments about entities and their aspects from unstructured

texts.
2.4  Sentiment Analysis in Multiple Languages

Social media users can express their comments or opinions on the same topic or event
via social media platforms; as a result comments or opinions can contain multiple
languages on those specific topics/events. Previously, many researchers conducted their
studies on the sentiment analysis of texts written in single languages such as, in English
[6], Arabic [33] and Spanish [34], however, with the grow of the Internet and high
availability of social media platforms around the world, social media users’ comments
contain different languages. So, to analyze data in different languages, multilingual
sentiment analysis techniques have been developed [14], to analyze sentiments,
frameworks and tools for different languages are being built. Sentiment analysis on
multiple languages can be performed using various techniques, such as: by transferring
knowledge from resource rich language to resource poor languages [35], or by using
machine translation system between resource rich and resource poor languages [36], or
directly analyze multiple languages without translation or using another resources [37].
In multi-lingual sentiment analysis system, a language that contains extensive resources
and tools available can be used to build sentiment analysis for other languages which

have few resources or tools. This can be done in one of the following ways:
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= By translating test sentences in resource poor language into resource rich
language and analyze the sentiment sentences using the resource rich language.

= By translating a resource rich language train corpus into the resource poor
language and build a corpus-based sentiment analysis in the resource poor
language.

= By translating a sentiment or lexicon terms in the resource rich language to the
resource poor language and build lexicon-based sentiment analysis in the

resource poor language.

2.5 Sentiment Analysis and Classification Techniques

Classification is used to assign a sentiment sentence into a particular category (also
referred as a class) or categories based on their sentiment polarities. Sentiment analysis
system can classify sentiments in the sentence using different approaches. This Section

discusses the sentiment analysis and classification techniques.
2.5.1 Lexicon Based Approach

Lexicon based approach involves calculating the sentiment polarity of a sentence from
the semantic orientation of words or phrases in the sentence, and uses sentiment of
lexicons, collection of known and precompiled sentiment terms with their polarity values
[38,39]. The system classifies the sentiments into specific categories of the sentiment
classes which are positive, negative or neutral based on the positive or negative
sentiment terms occurred in the sentence. This can be done using rule based classifier
methods, and if there are positive words only or more number of positive words than
negative words in the sentence, the semantic orientation of the sentence is classified into
positive. If there are negative words only or more negative words than positive words in
the sentence, the semantic orientation is classified into negative. If there are equal
numbers of positive and negative sentiment terms or there are no sentiments terms in the
sentence, the semantic orientation of the sentence will be neutral and categorized in
neutral class. In this approach, overstatement and understatement words are considered
(i.e., overstatement words increase the semantic orientations and understatement

decrease the semantic orientations of the sentiment words in the sentence).
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In this approach, sentiment words or phrases can be easily added to a lexicon and tag as
positive or negative terms with their semantic orientation values; for example, in [6],
small list of seed adjectives tagged with positive and negative labels manually and grows
these lists using WordNet. It is easily understood and modified by humans, viable and
practical approach to sentiment analysis without needs of training. The performance of
this technique depends on the effectiveness of the lexicon sentiment terms. This method
requires less resource relative to other techniques (e.g., machine learning) and suitable
for languages that have lack of resources and no any annotated corpora. It is possible to
add extra sentiment terms for scaling up from different sources in order to strengthen the
efficiency of the lexicon. In this research work, lexicon based approach is chosen based

on the linguistics behavior, data availability, difficulty, effectiveness and extendibility.
2.5.2 Machine Learning Approach

Machine learning is the sub-field of computer science that gives a computer to learn
without being explicitly programmed [40]. Machine learning approach performs
sentiment classifications based on training algorithms, the classification is on a set of
selected features for specific mission and test on another sets whether it is able to detect
the right feature and give the right classifications. In sentiment classification, machine
learning algorithm uses the supervised and unsupervised sentiment classification models.
The supervised sentiment classification model uses large number of labeled training
datasets, while unsupervised sentiment classification model uses when it is difficult to
find the labeled training datasets. Supervised sentiment classification model can classify
sentiment sentence based on the algorithms like Naive Bayes, Maximum Entropy and
SVM classifiers [31].

Naive Bayes classifier is a simple probabilistic model based on Bayes theorem [41]
along with a strong independence assumption. It computes the posterior probability of
class based on the distribution of words in the document. It uses Bayes’ theorem to

predict the probability that a given feature set belongs to a particular label.

p(label|features) = p(labeD+p(featuresflabey 0

p(features)

Where, p(label) is the prior probability of a label or the likelihood that a random feature
set the label, p(features|label) is the prior probability that a given feature set is being
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classified as a label, p(features) is the prior probability that a given feature set is

occurred.

Maximum Entropy classifier is a probabilistic classifier which belongs to the class of
exponential models. The models that fit the training examples are computed, where each
feature corresponds to a constraint on the model. The model with the maximum entropy
over all models that satisfies these constraints is selected for classification. Maximizing

the entropy ensures that no biases in the classification system [42].

SVM classifier performs by constructing a hyper plane with maximal Euclidean distance
to the closet training examples. This can be seen as the distance between the separating
hyper plane and two parallel hyper planes at each side, representing the boundary of the
examples of one class in the feature space. It is assumed that the best generation of
classifier is obtained when the distance is maximal. If the data is linearly not separable, a
hyper plane will be chosen that splits the data with the least error possible. SVM vyields

best accuracy in sentiment classification [31].
2.5.3 Hybrid Approach

Both 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 [43]. 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.
2.6  Sentiment Lexicon Generation

Words or phrases that convey positive or negative sentiments are vital for sentiment
analysis and classification system. Positive sentiment words are used to express some
desired states or qualities while negative words are used to express some undesired states

or qualities. Table 2-1 shows an example of sentiment wordlists.
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Table 2-1: Sentiment Wordlists

Language | Positive sentiment words Negative sentiment words

English beautiful, good, wonderful, amazing | bad, poor, awful , terrible

Ambharic | $%2€/qonjo, 1&v/blh, 4/Tru aopgz/metfo, sasc/halager, 997/ moN

Tigrigna | &0-$/Sbug, ang®/lebam, @ha/weHale | Ao7d/HmaQ, 7ai/hasas, Nac/bsero

Overall, positive and negative sentiment words are called sentiment lexicons. The
sentiment lexicons can be generated using three different approaches [5]: manual

approach, dictionary based approach and corpus based approach.

Manual approach involves generating of sentiment bearing word lists manually
from various resources and label their sentiment polarities (i.e., positive or negative)
and strength of polarity values. This approach is an effective for resource poor
languages and provides best performance for sentiment analysis system under
specific domains.

Dictionary based approach involves using a dictionary which contains synonyms
and antonyms of words. In this method, it uses a few seed of sentiment words to
bootstrap based on the synonym and antonym structure of the dictionary.
Specifically, this method works as first a small set of sentiment words (seeds) with
known positive and negative semantic orientation is collected manually, then the
algorithm grows these set of words by searching in WordNet [44], thesaurus [45,46]
and other online available dictionaries for their synonyms and antonyms. The seed
lists will be added with the newly found words. The process iteratively keeps on
adding the words until no more new words are found. At last manual inspection is
used to remove errors in the lists.

ilii.  Corpus based approach helps to solve the problem of finding sentiment words with
context specific orientations. This method depends on syntactic patterns or patterns
that occur together along with a seed list of sentiment words to find other sentiment
words in a large corpus. The corpus based approach can be performed using

statistical method and sematic method [47].
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Statistical method: this method helps to find the co-occurrence pattern or seed
sentiment words using statistical techniques. The polarity of the word is determined
based on the occurrence frequency of the word in the large annotated corpus of texts.
If the word occurs more frequently among positive texts, then its polarity is positive.
If the word occurs frequently among negative texts, then its polarity is negative. But,
if it has equal occurrence frequency, then it is a neutral word. If two words appear
together frequently within the same context, then there is high probability that they
have same polarity. In this case, the polarity of unknown word can be determined by
calculating the relative frequencies of co-occurrence with other words. This can be
done using PMI [7], the semantic orientation of a given phrase is calculates by
comparing its similarity to a positive word (‘excellent’) and its similarity negative
word (“poor’).

Semantic method: this technique gives sentiment values directly and uses different
principles to compute the similarities between words. In this case, the principle gives
similar sentiment values to semantically close words. These semantically close words
can be obtained by getting the list of sentiment words and iteratively expanding the
initial set with synonyms and antonyms and then determine the sentiment polarity for
unknown word by the relative count of positive and negative synonym of the word
[48].

2.7 Linguistic Issues in Sentiment Analysis

Language is the ability to acquire and use complex system of communication [49]. It is
the human system of communication that uses arbitrary signals, such as voice, sound,
gesture and/or written symbols that enable humans to express their feeling, sentiment,
thought, idea and experience. Natural languages like English, Amharic and Tigrigna are
used for communication purposes, whereas these languages have their own linguistic
behaviors. The linguistic behaviors include: phonology, morphology, syntax, semantics

and pragmatics.

In linguistics, morphology involved in word formation, deals with words, their internal
structure and how they are formed with the help of morphemes. One fundamental
computational task for a language analysis of its morphology is to derive the root and
grammatical properties of the word based on its internal structures. The analysis of word
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structure performs using the process of inflection and derivation. In general,

morphological analysis plays the vital role in sentiment analysis applications.

Inflection is a morphological variation that never changes part of speech or the meaning
of the stem word upon which the morphemes are attached, whereas, it changes the
grammatical functions of the word [50,51,52]. It also indicates the syntactic or semantic

relations between different words in a sentence.

Derivation deals with adding of morphemes in the stem word to generate new words,
that changes the meaning, part speech and lexical function of the given stem words
[50,51,52].

In this Subsection, the linguistic behaviors of Amharic, Tigrigna and English languages

are discussed particularly on their morphological characteristics.

2.7.1 Ambharic Language

Amharic is a Semitic family language which is mainly spoken in Ethiopia and it is the
second most spoken Semitic families next to Arabic in the world [53]. Amharic is an
official working language of the federal government in Ethiopia and several regional
states. It has its own writing script known as Fidel “424* having 34 consonants (base
characters) and other six characters represented for each base characters derived from the
combinations of vowel and consonant of base characters. Amharic alphabets are
conveniently written in tabular format of seven 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. The vowels of the alphabet in Amharic
language are not encoded explicitly, but appear as modifiers in the base character. For
example, the following characters show consonants and vowels modify the base
character ao(m@) as “ev+(mu), “%.(mi), 1(ma), “%(mE), °(m), 9°(mo)”. In addition to this,
there are about two scores of labialized characters like” 72 (m"a), 4. (I"a), 4 (f"a), T

(p"a), £ (k’"e)” in Amharic language.

Like other Semitic languages, Amharic is one of the most morphologically rich
languages and it exhibits a root-pattern morphological phenomenon [54]. Root is the set
of consonant (also called radical) which has the basic lexical meaning [54]. The pattern

consists of set of vowels which are inserted among the consonant of the root to form a
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stem. Ambharic verb stem consists of a “root + vowels + template” merger. For example,
the root verb sbr + ee + CVCVC leads to a stem seber (‘breaking”). For non-concatenate
morphological features, Amharic uses various affixes to create inflectional and
derivational morpheme. Affixation can be prefix, infix and suffix.

Ambharic language is highly inflectional in various features and the given Amharic word
can occur in different forms. The highly inflected Amharic word classes are nouns,

adjectives and verbs.

Nouns: Amharic nouns are inflected for number, gender, person and cases [50] and the
result of the inflected word is with affixes. The inflected noun helps to express
pluralism, gender and possession. Morphemes like -a+, -4t -At, -k are used to inflect
Ambharic nouns by attaching to the stem words. For Example, adding the suffixes -a-, -
A7 and -4+ to the words 0+, @v9Puc and V&7 generates (fF, apgPus7 and vasT

respectively.

Adjective: Amharic adjectives similar affixation process like Amharic nouns can be
marked for number, gender, definiteness and cases [50]; and results of the inflected word
with affixes. In Amharic, morphemes that used to inflect Amharic adjective words are -
al™o, -k Nt and - AF/Moc. Table 2-2 shows an example of inflected Amharic adjective

words.

Table 2-2: Amharic Inflection of Adjectives

No. | Adjectives Male Female Pluralism
1 ™7 g L P

2 AT AAM NAhmF AAM-F

3 g A\ b eAT et

Verbs: Amharic verbs are inflected for any combination of person, gender, number, case,
tense, aspect and mood [50,55]. As a result, from a single Amharic verb thousands of
Ambharic verbs (in surface forms) can be generated. In Amharic, the verbs are found in
different forms such as perfective, imperfective, gerundive, jussive and imperative by
using affixes [55]. The morphological inflection of the perfective verbs have suffixes
such as -a/a, -h/k, -tv/ku, -v/h, -&J/u, -4Eluc, -ti/x, -7/n and serves for the expression of
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person, gender and number to the perfect verb stem. For example, the perfect verb stem
anc/seber (breaking) generates the inflected words such as anc, anch, anch:, ancw,
ang-tu-, A0CH, anc? (seber, seberk, seberku, seberh, seberachu, seberx and sebern). We
can also add prefix like ?/ye, 0/be, h/ke, 128/ind/ in the perfective verbs regardless of the

gender, number and person.

Ambharic word classes can be derived from other Amharic word classes [50,55]. For
example, nouns can be derived from adjectives, verb roots and stems (by inserting
vowels between consonants) and nouns themselves. For instance, a@-rt, &&rt, (LTt
(sewnet, ljnet, bEtnet) are derived from the nouns a@-, &% and 0+ (Sew, lj, bEt)
respectively by adding the suffix -t/ net. In a similar way, verbs are also derived from
different verbs by adding affixes in many ways. Amharic adjectives are also derived
from nouns, verbal roots and compound words [50,55] by adding affixes. For instance,
the adjectives ¢av%’, veAs and TaN+E (gimeNa, heyleNa and gulbeteNa) are derived
from the nouns +9°, vedh and ANt (gim, heyl and gulbet) respectively by adding the
suffix — A%/ oNa.

2.7.2 Tigrigna Language

Tigrigna is Semitic families of language like Amharic and Arabic languages, which is
mainly spoken in Tigray region in Ethiopia and central Eritrea. It is an official language
and medium of instruction for primary schools in Tigray region in Ethiopia. This
language written with the version of Ge’ez (Ethiopic) scripts, originally developed from
Ge’ez language which is appeared in writing during the 13" century [56]. Tigrigna has
34 base characters and other six characters represents for each base character derived
from the combination of consonants and vowels. Like Amharic alphabets, Tigrigna
alphabets are conveniently written in tabular format of seven columns from left to right
side where the first column represents the base character and others represent their

derived vocal sounds.

Tigrigna is morphologically rich language like Amharic, since both are Semitic families
and originated from Ge’ez [57]. The root of verbs and most nouns in Tigrigna are
characterized as a sequence of consonants which is called root/radicals like Amharic
language. Roots are used for formation of other actual words by concatenating vowels

and non-root consonants which goes with particular morphological category around the
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root consonants. Hence, for non-concatenating morphological features, Tigrigna uses

different affixes to create inflectional and derivational morphemes.

Like Amharic, Tigrigna language is highly inflectional language and the given root of
the Tigrigna word can be found in different forms. The highly inflected Tigrigna word

classes are nouns, adjectives and verbs and these word classes are discussed as follows.

Nouns: Tigrigna nouns are inflected for number, gender, person, definiteness and cases
and the result is the inflected word with affixes [51]. The inflected words are used to

express possession, plural and gender.

Adjectives: Tigrigna adjectives are marked for number, gender, person and degree and
the results is the inflected word with affixes to the given adjectives [51]. Adjectives can
be inflected by adding affixes like -a/, -F/t, -t/ti, -AP9°/atom, -a®/'awi, -at/at, -
A®t'awit, h/k-, H/z- etc. Table 2-3 shows the inflected Tigrigna adjective words.

Table 2-3: Tigrigna Inflection of Adjectives

Comparative | Superlative
No. | Male Female Plural form
degree degree
1 OO o0t orak 2010 910
2 PLch PLch PPht: 2PLch HPLch
3 a7 PN Pt P77 HPm

Verbs: like Amharic, Tigrigna verbs also found in different forms, such as perfective,
imperfective, gerundive, jussive and imperative by employing affixes. Tigrigna verbs
inflected for number, gender, person, tense, mood and aspects, and the result is an
inflected word with affixes to the verb stem. The morphological variation of the
perfective verbs are generated by adding suffixes like A/'a, aAt/'at, tv/ku, G/na, A-+9°/'atom,
At7/'aten and &/'a that indicates for person, gender and numbers to the perfect verb stem.
For instance, ans, andt+, anch, aNcs, ae-fw, Ale-t7 and ane (sebere, seberet,
seberku, sebirna, sebiratom, sebiraten and sebera). This perfect verb is formed from the
stem verb ANc/seber which means ‘to break’. Imperfective verbs also formed by adding

affixes on the verb stem and markers for gender, person and number. For example,
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+a0c, hanc, haNé, ha0s, Hang, Hanst, HANLS, 0Ns, £0a0s (tsebr, ksebr, ksebra,
ksebru, zsebere, zseberet, zseberena, ysebru, ysebara), in this example, the stem verb
(NC/sebr which means ‘let’s break’ uses both prefix and suffixes. The morphemes that
attach in the stem verb such as +/t, h/k, H/z, and ely are prefixes and &/a, 4 /e, A't/et,

aS/ena and &/u are suffixes.

The gerundive verb from inflected by adding suffixes at the end of the gerundive verb to
indicate person, gender and number. For example, Géch, (&, AShT., (S, (6S,
WG+ 9°, Oéf:, 6Ah9® and sk~ (seriHa, seriHXa, seriHXi, seriHu, seriHna,
seriHXum, seriHXn, seriHom, seriHan), from this example, the stem verb Aéd/seriH
varies its morphology and generate various verbs that markers of the person, gender and
number. The suffixes al'a, f/Xa, T/Xi, &/'u, 9/na, T/ Xum, 0¥/Xn, °/m and 7%/n

attached with the inflected stem verb.

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.

Tigrigna words are highly derivational from other Tigrigna word classes. Some of the

highly derivational Tigrigna words classes are nouns, adjectives and verbs.

Nouns: Tigrigna nouns derived from other word classes by adding affixes and using
compound words [51]. In the case of compound words, the new noun is constructed from
two separate words. Example 0+ and +9°uc-t;, (bt and 1A% provided (bt +9°uC-t: which
means school and 0+ 184 which means restaurant or nouns constructed by adding
affixes like - and -%. Example, a1 + -t gives a0, %4C + -5 generates 44C%. In

addition, nouns can be derived from verbs and adjectives.

Adjectives: similar to nouns, Tigrigna adjectives can be derived from nouns, verbs and
adjectives itself [51]. Adding morphemes like -a®/'awi, -®/wi, -49°/'am and -F-g/tay to
nouns such as: A ¢&¢/'ityoPya, Y1¢/hager, 11c¢/neger and avFa/meQele that generates the
following new adjectives: A& 2®/ityoPyawi, Y1¢s-®/hagerawi, '1¢-9°/negram and
aPpFe/meQeletay respectively. Similarly, it can be constructed from the root verbs. For

instance, the root verb sac by infixing the vowel -4, it generates the adjective /ha-C.

Verbs: unlike nouns and adjectives, Tigrigna verbs can be derived only from verbal roots
and stems [50,51].
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Example, ¢-01-¢, $ANAC which provides ¢0c, and it can also be constructed from verbal

stems by adding affixes like - and A to the stem verb.
2.7.3 English Language

English language is a West Germanic language that was originated in England and now
widely spoken in many countries around the world [58]. It is the third most common
native language in the world, after Mandarin and Spanish [58]. In most countries in the
world including Ethiopia, English is used as a foreign language. The English language
contains twenty six letters in upper and lower cases, out of the twenty six letters there are

five vowels and twenty one consonants.

Relative to Amharic and Tigrigna, English is not morphologically complex language.
Hence, it uses different affixes to construct inflectional and derivational morphemes.

Unlike Amharic and Tigrigna, English is not highly inflected and has small number of
inflectional affixes. Most inflected word classes in English are nouns, adjectives and

verbs. These word classes are discussed as follows.

Nouns: English nouns are inflected for number, but not for case and gender [52,59], and
the result is the inflected word with affixes to the noun. English nouns can have regular
and irregular forms when they are changed into plural forms. The regular English
inflections add —s morphemes to stem nouns, whereas the irregular inflections add like —

en, -ices morphemes to stem nouns and the inflected word expresses pluralities.

Adjectives: English adjectives are inflected for degree, but not gender or case [52,59],
and the result is an inflected adjective word with morphemes to the adjective. Most
monosyllabic and disyllabic adjectives have synthetic comparatives in —er and
superlatives in —est, whereas adjectives with two syllables and nearly all with three or
more form analytic comparatives with more and superlatives with most. Table 2.4 shows

inflected adjective words.

21



Table 2-4: English Inflection of Adjectives

No. | Adjective Comparative Superlative

1 Happy Happier Happiest

2 Sad Sadder Saddest

3 Beautiful More beautiful Most beautiful

Verbs: English verbs inflected for tense and number [52,59], and the result is an inflected
verb with morphemes to the verb. English verb stem is the base for other inflected words
and may stand alone as an infinite, imperative or general present forms. Like adjectives,
English verbs have regular or irregular forms. The regular verb contains three forms
based on the stem: a form in —ing that functions a present participle and gerund, a form
in —ed that functions as a past tense and past participle and present tense which uses —s
for third person singular forms. Irregular verbs also have the stem based form in —ing and
—s, but exhibit distinctive pattern in past tense. For example, the verb stem prove can
inflected into proves, proved, proving and proven by adding the morphemes —es, -ed, -

ing and —en in the stem verb prov.

English words are derivational from other English word classes [52], and some of the

derivational English word classes are nouns, verbs and adjectives.

Nouns: English nouns can be derived from nouns, verbs and adjectives by adding
morphemes in the root of the given words [52]. For example, the root word kill is a verb
and when we added —er, it generates a noun word class killer. VVarious morphemes like -
dom, -er, -let, -cy and -hood helps to generate new words from other word categories.

Adjective: English adjectives derived from nouns, verbs and adjective itself by adding
morphemes in the stem/root of the nouns, verbs and adjectives itself [52]. For example,
in the noun root system, when we add the suffix —atic, it generates systematic or adding
the prefix un- and suffix —atic, it generates unsystematic. In addition, in the verb root
count, when we add the morpheme —less, it generates countless. In general, morphemes
like in-, un- and re- are prefixes and morphemes like —able, -ly, -en, -ful and —less are
suffixes that helps to generate new adjective words. In the same way, English verbs also
derived from nouns and adjectives by adding morphemes in the stem/root of the given

words.
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Chapter Three: Related Work

3.1 Introduction

Sentiment analysis is one of the popular methods which have been used to analyze user
generated texts on social media. Multi-language comments on same topic have more
common on social media platforms; however, it is challenging to analyze the comments
which have multiple languages in the particular topics. To solve this challenge, a number
of researches have been studied so far. In this Chapter, various studies related to the
current research work are reviewed and classified based on the approaches used for
sentiment analysis in monolingual and multi-linguals, and finally show the knowledge

gaps in general and propose a solution that this research work clearly addressed.

3.2 Sentiment Analysis Using Lexicon Based Approach

3.2.1 Sentiment Analysis for Amharic Language

Selama G/Meskel [8] has developed sentiment mining model for opinionated Amharic
texts. In this research, to determine the sentiment of reviews, the author used term
counting techniques. Based on this technique, it counts the number of sentiment words in
the sentence by checking each word in the prepared lexicon, if the word appears in the
lexicon, it considered as the word is sentiment word and assigns polarity weight values
automatically, whereas it considered as non-sentiment word. The author developed
general and specific Amharic sentiment lexicons which include sentiment terms and
contextual valence shifter terms. Sentiment terms were tagged as ‘+’ and ‘-’ in the
lexicon, which is ‘“+’ for positive and default value assigned +2 and ‘-’ for negative and
default value assigned -2. But, the final polarity weight value was calculated by
considering the effects of context valance shifters like diminisher, intensifier and
negation terms around the sentiment terms in the sentence and finally classified the
sentiment sentence into positive, negative and neutral classes based on polarity weight
values. For the purpose of experiment, the researcher collected 303 review sentences
from two different domains and 955 opinion terms: 411 positive and 544 negative terms.
However, the prepared opinion terms are not sufficient and inflected Amharic sentiment
words are not handled in this research work.
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Tulu Tilahun [9] developed feature level opinion mining model for Amharic texts. The
objective of the study was to determine an opinion on features of the domains. In this
study, the author first extracted features of the domain and then determined the opinions
in the extracted features by employing some rules. An opinion word in the sentence was
detected from Amharic general purpose opinion word lexicons that contain a total of
1001 sentiment words which are 578 negative and 423 positive words. The author
collected 484 Amharic reviews manually from Hotel, University and Hospital for
experimental activities. The effectiveness of the system was evaluated using precision,
recall and F-measure metrics through two different experiments. From experiment one,
the author got the result of an average precision of 95.2%, an average recall of 26.1% for
feature extraction and an average precision of 78.1%, average recall of 66.8% for
opinion word determination. From experiment two, an average precision of 79.8%, an
average recall of 34% for feature extraction and average precision of 80%, an average
recall of 92.7% for opinion word determination. The strength of this study was to
determine an opinion on features of the domain in the review sentence. However, the
author used only adjectives as sentiment words to determine the opinions of the review
sentences, but sentiment words are not only adjectives, but also include adverbs, verbs

and nouns. In addition to this, the sentiment words are not sufficient.

3.2.2 Sentiment Analysis for English Language

Kundi et al. [60] developed a framework for sentiment classification using lexicon based
approach in social web sentiment analysis. In this study, the authors integrated various
lexicons like general purpose opinion lexicon that contains 1967 positive and 4783
negative sentiment words, dadvar opinion lexicon which contains 136 positive and 109
negative sentiment words and dictionary resources to extract sentiment words from target
texts automatically. Semantic orientation was calculated by summing up the semantic
orientation of the words and phrases in the document or target texts. The authors have
used 308,316 tweets of product dataset for experimental purposes and the experiment
was done in two type sentiment classifications using confusion matrix method classifiers.
The performance of the classifier was evaluated through precision, recall, F-score and
Matthew Correlation Coefficient (MCC). At last, the authors achieved an accuracy of
92% in binary classification and 87% in multi-class classification although the

framework can’t analyze non-English tweet datasets.

24



3.2.3 Sentiment Analysis for Chinese Language

Sentiment analysis of Chinese reviews using bilingual knowledge and ensemble
techniques were studied in [61]. The main aim of the study was to improve sentiment
analysis of the target language (i.e., Chinese) by using English rich knowledge. In this
study, Chinese reviews were translated into English reviews using machine translation
services and then the Chinese reviews and English reviews were analyzed based on
Chinese resources and English resources respectively. Then, the individual results were
ensembled to obtain better results. To compute the semantic orientation value of the
review sentences, the authors have used sentiment lexicons by collecting positive,
negative, negation and intensifier sentiment terms for both Chinese and English
languages. The experiment was conducted on 836 Chinese product reviews and
evaluated the effectiveness of the approach using precision, recall and F-measure to
measure the performance of the sentiment classification in positive and negative polarity
classes and used an accuracy to evaluate the overall performance of the system.
However, the polarity identification of the review sentences in this study was based on
unsupervised ways and the classifier can predicts incorrect sentiment polarities, since
there was lack of Chinese resources, the performance of the system was degraded
because it depends on the machine translation performance between the target language
and knowledge rich language and Chinese sentiment words can be missed during

translation the Chinese reviews into English reviews.
3.2.4 Sentiment Analysis on Multi-Linguals

Volkova et al. [62] conducted a study to explore the sentiments in social media and
create Twitter specific lexicons via bootstrapping sentiment bearing terms from
multilingual Twitter streams. They used bootstrapping approach for subjectivity clue
from Twitter data and evaluate their approach on English, Spanish and Russian Twitter
streams. The authors used the MPQA lexicon to bootstrapping sentiment lexicons from
large pool of unlabeled data using small amount of labeled data to guide the process.
Terms that are strongly subjective in translation were used as a seed terms in the new
language with term polarity projected from English lexicons. The approach is easily
scalable, better able to handle informality and nature of social media, although it depends
on the availability of bilingual dictionary for translating an English subjectivity lexicon

and crowdsourcing for selecting seed words.

25



Denecke [35] investigated the method to automatically determine polarity of a sentence
in multilingual frameworks. In this work, the method depends on English resources to
determine sentiment of texts for other languages. For classifying sentence of the
document regarding their sentiments, it comprises three processing pipeline steps: first
determine the language of the document, translate non-English document into English
and classifying sentiment of the document into sentiment class (i.e., positive or
negative). During sentiment analysis of the document, the polarity of the sentences was
determined based on SentiWordNet using machine learning algorithm, classification rule
and lingPipe classifier algorithm. The performance of the method was evaluated in
English and non-English documents using precision and recall evaluation metrics. The
author has done the experiment using different corpora for training and testing the
classifier algorithms. For training purpose, the author used movie reviews that collected
from IMDB’s archive rec.arts.movies.reviews which contains 1000 positive and 1000
negative reviews in English language, and for testing purpose the author collected 100
positive and 100 negative movie reviews in German language from Amazon.de
webpages. After conducting the experiment, the author achieved an accuracy of 66% in
polarity classification. Whereas, in this work negation terms in SentiWordNet classifier
structure were not considered, translation of documents degrades the performance of the

system and during translation key sentiment words of the target text can be missed.

3.3 Sentiment Analysis Using Machine Learning Approach

3.3.1 Sentiment Analysis for Amharic Language

Multi-scale sentiment analysis model for Amharic online posts written in Ethiopic scripts
were studied by Wondwossen Mulugeta [10] using supervised machine learning
approach. The objective of the study was to determine multi-scale sentiment sentence
based on the polarity weight value of sentiment words. To achieve the objective, the
author has prepared sample corpus which contains 608 posts. The corpus was collected
from social media sources such as Facebook, Twitter, DireTube and Ethiopian reporter
websites. The author employed preprocessing activities in the corpus dataset before the
actual sentiment classification. After the preprocessing activities were done, the corpus
was manually annotated by giving polarity values and sentiment intensity scale values.

The author adopted two scale schemes which are scale positive sentiment further as +1
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and +2 for less and more positive respectively and negative sentiment polarities as -1 and
-2 for less and more negative respectively, hence neutral sentences were annotated as 0.
To distinct the polarity strength of Amharic sentiment words, the author limited into five
polarity rank scales. Naive Bayes algorithm was used to classify sentiment texts based on
the trained on the entire corpus. The algorithm used n-gram features to acquire the
knowledge from the training corpus, and then the algorithm classifies the sentiments of
the test posts based on the acquired knowledge. Among the sample corpus, 486 posts
were selected for training dataset and 122 posts were for testing dataset. The author
achieved an accuracy of 43.6%, 44.3% and 39.3% for unigram, bigram and hybrid
language models respectively. However, the accuracy of the system was very low since
the training dataset was very insufficient and the tool used for morphological analysis

was not effective.

3.3.2 Bilingual Sentiment Analysis

Yan et al. [37] developed a bilingual approach to conduct sentiment analysis on English
and Chinese social media. In this approach, English and Chinese review comments were
processed simultaneously as a stream of texts rather than separately to mine and extract
social opinions from social media. To process the social media data, the authors
performed: first collected social media data and saved in text document as samples,
applied word segmentation and trim down words to extract features, and then select
features that represent the data. After selected features, SVM and N-Gram classification
models were used to analyze and classify the bilingual sentiments. For the purpose of
experiment, the authors collected 2000 English comments (1000 positive and 1000
negative comments) and 2000 Chinese comments (1000 positive and 1000 negative
comments) manually from social media sites. Out of the total datasets, 80% of the
comments were used for training and 20% of the comments were used for testing their
classification models. They used precision, recall and F-score performance measures for
evaluating the effectiveness of their approach. Finally, the authors achieved an accuracy
of 98.90% and 82.42% sentiment classification using SVM and N-Gram models
respectively. However, in this study, the approach was developed for English and
Chinese only, so it cannot extend to other languages and can’t analyze mixed sentiment

texts of the languages.
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3.3.3 Multilingual Sentiment Analysis

Tromp [2] investigated multilingual sentiment analysis on social media. The objective of
the study was to solve the problems of sentiment analysis on multilingual short texts
typically present in various social media like Twitter, Facebook and Hyves. The author
presented four-step approach to automatically analyze sentiments of the multilingual
texts. The approach comprises four basic components: language identification, part of
speech tagging, subjectivity detection and polarity detection. For language identification
and polarity detection, the author presented new algorithms called LIGA and RBEM
respectively. In this work, an extensive experimental study was presented to support and
illustrate the benefit of the steps in the four-step approach and it allowed for quantifying
the importance of having the output of the corresponding techniques at each steps. In this
study, the author conducted the experiments in two main categories: comparative
experiment and traditional survey experiment and evaluates the performance of the
sentiment classification using accuracy, precision and recalls. However, this study
couldn’t analyze mixed language of texts; an automated sentiment analysis developed for
multi-linguals cannot appropriately analyze the sentiments of trilingual texts written in
English, Amharic and Tigrigna languages since these languages have their own linguistic
characteristics and needs to study their sentiment patterns. This is the knowledge gap or
problem that the current study addressed.

3.4 Summary

In this chapter, some of the previous studies related to the current work were discussed in
details. These works are reviewed based on the techniques used for sentiment analysis
and classification of the sentiment sentences. The techniques presented and discussed
here are lexicon based and machine learning based approaches successfully used for
sentiment analysis on monolingual and multi-linguals. However, monolingual sentiment
analysis used either lexicon based or machine learning approaches cannot be extended to
trilingual sentiment analysis. Similarly, the multilingual sentiment analysis that used
either lexicon or machine learning approaches relies on machine translation system or
bilingual dictionaries for the purpose of using resource rich language to other languages
in order to eliminate the gaps on resources used for sentiment analysis. However, using

machine translation system has an impact on sentiment analysis system performance and

28



sentiment terms of the target languages can’t be appropriately translated. Since, using
machine translation system or bilingual dictionary depends on the quality of the

translation machine system or the dictionaries.

In general, machine learning approach depends on labeled corpus to train the model, but
this is very costly whereas, lexicon based approaches determine sentiments based on
sentiment lexicons which contain positive and negative sentiment terms. This is an
effective approach and doesn’t require training corpus and capable of detecting and
classifying sentiments of the given sentiment sentences. So far, although there are studies
conducted on the Amharic sentiment analysis, little attention is given on Tigrigna and

Trilingual (i.e., using Amharic, Tigrigna and English) sentiment analysis.

29



Chapter Four: Design of Trilingual Sentiment Analysis

System

4.1 Introduction

The core objective of trilingual sentiment analysis system is to provide a tool that helps
to analyze trilingual sentiment texts written in English, Amharic and Tigrigna languages.
To achieve this objective, the architectural design of trilingual sentiment analysis system,
the components of trilingual sentiment analysis system and the algorithms used for
sentiment term detection and polarity weight determination in trilingual sentiment

sentences are discussed in this Chapter.

4.2 Architecture of the System

The proposed trilingual sentiment analysis system has seven main components. These
are preprocessor, language identifier, morphological analyzer, sentence constructor using
root words, sentiment term detector, sentiment term polarity weight determiner and
sentiment classifier. The preprocessor component contains two subcomponents:
tokenization and normalization of texts. Trilingual sentiment lexicon is the backend
component of trilingual sentiment analysis system that stores English, Amharic and
Tigrigna sentiment words. Each components of the system with their function are
discussed in detail in this Section. The general architecture of trilingual sentiment

analysis system is shown in the Figure 4-1.
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Figure 4-1: General Architecture of Trilingual Sentiment Analysis System
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4.2.1 Preprocessing Component

The preprocessing component is used for the process of cleaning the input texts to
further analysis. Social media texts usually contain a lot of unnecessary texts such as
hashtags, HTML scripts, special characters, URL and others. The noisy and unnecessary
texts are removed in tokenization component and prepare the texts into suitable formats.

This component contains two subcomponents: tokenization and normalization.

4.2.1.1 Tokenization

Tokenization is the process of chopping the input texts into pieces of tokens. In
tokenization process, input texts are tokenized into a sequence of tokens by detecting
word boundaries from the written texts. In most languages, white space and punctuation
marks are used as boundary markers. For example, English language has its own
punctuation marks to demarcate words, sentences etc. into a stream of characters that
punctuation marks like period (.), comma (,) and semicolon (;). Amharic and Tigrigna
languages also have their own punctuation marks to demarcate words, sentences etc. into
a stream of characters that include punctuation marks like ‘arati net’ibi’(::), ‘net’ela

Serezi’ (%), *diribi Serezi’ () and question mark(?).

In our case, tokenization is the first step in the preprocessing component. In this step,
input texts are tokenized into stream of characters using white spaces and punctuation
which helps to convert into list of words. For example, when the sentence “the music is
very nice” tokenized, the result will be ['the', ‘music’, 'is', 'very', 'nice']. In this research

work, NLTK is used for tokenizing input texts into lists of words.
4.2.1.2 Normalization

Normalization component is used in trilingual sentiment analysis system for two
purposes. First, it uses to convert Amharic and Tigrigna letters/’fidelat’ that have the
same use and pronunciation, but different writing representation symbols to a common
word into common representation. For instance, the word ‘clean’ in English can be
represented in Amharic in many ways, such as “7a.V’, “76-V’, 1%, “7h’, &0, These
words differ only by the second and third character ‘&’, ‘@~’, “1’, ‘v’, ‘/h’ and “R’, but all
have the same meaning and pronunciation. In Amharic language characters like v, , -1
and 0, A and 0, & and w, & and 6 represent the same consonant, have the same

pronunciation and can be used interchangeably without any meaning differences. Similar
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to Amharic, in Tigrigna also characters like v and -1, a and w, 8 and & have the same
pronunciation and meaning which can be used interchangeably without any meaning
alteration. For example, the word ‘good’ in English can be written in Tigrigna in two
different ways either ‘6(t¢’ or ‘@(+¢’. In these two words, the difference is in the first
character only, but both have the same meaning and pronunciation. Therefore, in this
research work, the system is designed to understand those words that have the same
meaning, but different writing representation symbols by converting into common
representation. In Amharic, the letters v, , 1 and T converted into v, A and o converted
into 4, A and w converted into a and & and @ converted into 6; similarly in Tigrigna also
the letters v and -1 converted into v, a and w converted into A, 8 and & converted into e.
Therefore in this research work, the letters v, 4, a4 and @ are taken as common
representations for the letters that have the same meaning and pronounciation in Amharic
and Tigrigna languages. The second task of normalization is translating Ethiopic script
representation texts into Latin script representations in order to maintain data uniformity
and consistency. Latin script representation is easy to represent Amharic and Tigrigna
vowels and consonant characters and there are no words that have the same meaning and

reading pronunciations with different writing spellings in Latin scripts.

4.2.2 Word-Level Language Identification

Word-level language identification component is used to detect and identify the language
of the texts. In the world, there are a number of multilingual speakers. Those multilingual
speakers can use multiple languages in their daily activities and communications through
social media platforms. However, the data from multilingual is difficult to identify and
determine the content of its message. Language identification solves the problem in
multilingual. The languages of the texts are detect at word-level because the texts can
contain mixed language of words or social media users can write their sentiment using
mixed language of words in their expressions. For example, “0H.V H&7 too much happy
ALLAU”, this sentence contains mixed language of words containing English and
Amharic words. In this case, the system needs to understand the language of each word

for further processing of the sentence.

In this study, lexicon based approach is chosen for language identification due to its high
accuracy in identification, its scalability, its detection of mixed language of words in a

text and effectiveness for under explored languages (i.e., Amharic and Tigrigna). In this
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study, trilingual lexicon is built for language identification that contains English,
Ambharic and Tigrigna lexicons independently, and stored at backend component of the
system®. After the tokenization process is completed every n ? meaningful word of the
texts are looked up in the prepared trilingual lexicon to detect their languages. Algorithm

4.1 shows language identification of input texts.

Input: sentiment sentence S

For every sentiment sentence s;€S, i=1, 2,..,n where n 1is

number of sentiment sentence in S

For each s; tokenized into m valid words, VW;E€s;, where j=1,

2, 3,..,m where m is number of valid words in s;
For each wjy checked in trilingual lexicon
If Wy in English lexicon
Append w; in templ
Else if Wy in Amharic lexicon
Append w; in temp?2
Else if W5 in Tigrigna lexicon
Append wy in temp3

Else
Jump ws; and consider wy is unknown language
End if
End For
End For

Output: English words, Amharic words, Tigrigna words

Algorithm 4.1: Algorithm for Trilingual Word-Level Language Identification

! Trilingual lexicon is not the same as Trilingual sentiment lexicons
2 n- is the number of meaningful words after the sentence is tokenized into n; words,

i-index term of the n word in the tokenized sentence
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4.2.3 Morphological Analysis

The morphological analyzer component is used to analyze English, Amharic and
Tigrigna words into their constituent morphemes. Morphological analysis is important
especially for morphologically rich languages like Amharic and Tigrigna because it is
practically difficult to store all possible words in a lexicon. In this study, the morphology
of English, Amharic and Tigrigna words are analyzed independently.

4.2.3.1 English Morphological Analysis

English is not morphologically complex language as compared to Amharic and Tigrigna
languages. In this research work, to analyze English words into their constituent
morphemes, the Porter stemmer algorithm [63] was adopted. This algorithm helps to
remove English inflectional morphemes by stripping the suffixes in the stem word. For
example, the word ‘love’ can be inflected into words like ‘love’, ‘loves’, ‘loved’ and
‘loving’. In this case, all the words are replaced into a single stem word ‘lov’. Porter
stemmer algorithm is used due to its simplicity, good in speed and easily integrated with
NLTK packages. The stem words of English sentiment words are stored in trilingual

sentiment lexicon for English sentiment term detection during sentiment texts analysis.
4.2.3.2 Ambharic Morphological Analysis

Ambharic is a morphologically rich language and highly inflected in number, gender,
tense, person etc. Therefore, to handle those inflected words, a morphological analyzer
tool is needed. So far, various researches have been carried out on Amharic
morphological analysis although there is no any effective Amharic morphological
analyzer tool available. Even if there is HornMorpho morphological analyzer tool, it is
not inclusive to all Amharic word classes since it is developed only for Amharic verbs
and nouns. However, most of Amharic sentiment words are adjectives and adverbs.
Therefore, to analyze all Amharic sentiment words, it is important to develop Amharic
morphological analyzer. In this study, Amharic morphological analyzer is developed
manually by using Amharic sentiment words. The sentiment words are collected from
[8,9,64] and online Amharic dictionary [65] for morphological analysis purpose. The
analyzed Amharic sentiment words are represented by their root words. It is used to
represent the polarity values of the sentiment words. The root word is generated after

segmenting every morpheme of the words such as prefix, suffix and stems. For instance,
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the word ‘ah can be inflected into “ah+4: ahA9oF: nand: eand: e+an: andoE”
etc., in this example, all those words have the same root that is ‘ah’. The root word is
used to represent the sentiment polarity values of every Amharic sentiment words and
stored at the backend component of trilingual sentiment analysis system. Algorithm 4.2

shows morphological analyzer for Amharic words.

Input: Amharic words
For each Amharic word translate in Latin

Check the word morphology exists 1in Amharic morphology

database

If the word 1is analyzed by Amharic morphological

analyzer
Return root of the word
Else
Not analyzed the word
End if
End for
Output: Amharic root words

Algorithm 4.2: Algorithm for Morphological Analysis of Amharic Words

4.2.3.3 Tigrigna Morphological Analysis

Like Amharic, Tigrigna is a morphologically rich language and inflected in various
features with respect to number, gender, grammatical aspect, person and tense. So, to
handle those inflected words, a Tigrigna morphological analyzer tool is needed. In the
previous, different researches have been carried out to develop Tigrigna morphological
analyzers, but there is no any effective Tigrigna morphological analyzer tool available.
So, to solve this gap or problem, this study developed Tigrigna morphological analyzer
manually. In this research work, first, [66] Tigrigna sentiment words were collected and
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[67] online English-Tigrigna dictionary was used, and then all the sentiment words were
analyzed. The morphologically analyzed sentiment words were assigned the sentiment
polarity values using the root words. For example, the word ‘¢’ can be inflected into
“QrptE ZMFP T FRANPT NPT PPXOPHICT D07 etc., whereas all these words have
the same root that is ‘&-1-¢’. The root word represents the sentiment polarity values of
the sentiment words and stored in trilingual sentiment lexicons at backend component of
the system. Algorithm 4.3 shows the algorithm for morphological analysis of Tigrigna

words.

Input: Tigrigna words
For each Tigrigna word translate into Latin scripts

Check the word morphology exists 1in Tigrigna morphology

database

If the word analyzed Dby Tigrigna morphological

analyzer
Return root of the word
Else
Not analyzed the word
End if
End for
Output: Tigrigna root words

Algorithm 4.3: Algorithm for Morphological Analysis of Tigrigna Words

4.2.4 Sentence Construction Using Root Words

Sentence construction using root words component is used to aggregate the English,
Ambharic and Tigrigna root words after the morphological process is completed.
Languages of input texts are identified for the purpose of the texts to further analyze and

in morphological analysis phase English, Amharic and Tigrigna words are analyzed
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independently. However, to detect and determine the semantic orientation of the texts, it
needs to reconstruct the independent root words. For instance, “0PA\L: ¢1PH? TAP ®I° 11C
AHA &ATP- 207221 142 2 is excellent!” This example contains mixed source of text in
Ambharic and English words. In this situation, after detecting the language of the words in
the text, morphological analysis process is employed on each word independently.
Behind the morphological analysis, the root words are reconstructed into single sentence
in order to detect the sentiment words in the sentence and to determine its sentiment

classes.

4.2.5 Trilingual Sentiment Lexicon

The trilingual sentiment lexicon is an external component that stores English, Amharic
and Tigrigna sentiment words, contextual valance shifters terms, negation terms and
conjunction terms of these languages. In the lexicon, lists of words are grouped into
positive words, negative words, overstatement words, understatement words, negation

words and conjunction words with their corresponding polarity values.

In trilingual sentiment lexicon, the sentiment words are modeled for the purpose of
sentiment analysis to any domains since the sentiment words are not restricted for
specific domains. The sentiment words in the lexicon are tagged as ‘+’ and ‘-’ for
positive and negative sentiment words respectively and contextual valance shifter terms
are tagged as: ‘Inc’ for overstatement, ‘Dec’ for understatement, ‘Neg’ for negation and

‘Cont’ for contrast conjunction words respectively.

4.2.6 Sentiment Word Detection

Sentiment word detection component is used to detect sentiment words and contextual
valance shifter words in the sentence. In this research work, sentiment words and
contextual valance shifter words are detected using dictionary of sentiment words with
their polarity values annotated in the lexicon. The words in the sentence are checked in
the trilingual sentiment lexicons to detect their sentiments. If the word is found in the
lexicon and its corresponding value is ‘+’°, then it is a positive sentiment word. Similarly,
if sentiment word is found in the lexicon and its corresponding value ‘-’, then it is a

negative sentiment word.
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Example:

" P4 HAT 1@+/Tru zefen new (Amharic)

" AT ADG B+ QAR LC4 PoAX/Selomon Hawna Sbuqg bahlawi derfi
geSlelu (Tigrigna)

= | like the music (English)

= @8, 0L nice song AZh (cto/wedi bayre nice song ‘ajoka bert” (Mixed)

In this example, t4/Tru, 8+¥/Sbuq, like and nice are positive sentiment words, because

of the positive sentiment words all the sentences have positive sentiments.
Context Valance Shifter Words

Contextual valance shifter words change the semantic orientations of their neighboring
sentiment words in the sentence. For example, they reverse the positive sentiment words
into negative sentiments or change the intensity of the polarity values. Contextual

valance shifter words are negations, intensifiers, diminishers and conjunction words.

Negations are used to reverse the semantic orientation of the sentiment words in the
sentence. Words like no, not, never (in English), A22a9°/'aydelem, A2.2Au-9°/'aydelehum
(in Amharic) and aghr?/'aykonen, Aghw7/'aykonun (in Tigrigna) are examples of

negation words which reverse the polarity of the sentiment words in the sentence.

If a sentiment sentence contains a negation word and negative sentiment word, then the
polarity of the sentence is changed into positive sentiment. But, if the sentence contains
negation word and positive sentiment word, then the polarity of the sentence is changed
into negative sentiment. And also, if the sentiment sentence contains negation word and
neutral word, then the polarity of the sentence is negative. Consider this sentence, “the
food is amazing” versus “the food is not amazing”. In the first one, amazing is a positive
word and the sentence has positive sentiment, but when not is added to the clause,
amazing is used as a negation context and the sentence has negative sentiment. Table 4-

1 shows the effect of negation words in sentiment sentences.
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Table 4-1: Negation Words in Sentiment Sentences

Ambharic

Tigrigna

English

Mixed

$78 -k 10-/qonjo hotEl

P0-9° 9o A%/T um

Amazing food

Delicious ?vrt 21

new (+ve) mgbi 'yu (+ve) (+ve) 10« (+ve)

$78 kA heLA®/qonjo TO9° o, 120717 T'um | Itis not amazing | 9°0- delicious
hotEl 'aydelem (-ve) mgbi ‘aykonen (-ve) food(-ve) h2LAT° (-ve)
PILLAMA &I 1@+ ZAch ™ he/resaH geza 'yu | The food is AOmA. movie 1@+

/yemiyasTela flm new (-ve)

PULLAMA AT ALLATP
/yemiyasTela fm ‘aydelem

(+ve)

(-ve)
ZAch ™ A&7 resaH geza

‘aykonen (+ve)

terrible (-ve)

The food is not

terrible (+ve)

(-ve)

AQmA. movie
hSLAT (+Ve)

Intensifiers and diminishers are words that change the degree of the positive or negative
sentiment words in the sentence. For example, ‘the movie is very good’, the words very
good are more positive together than just good alone. Another example of an intensifier
word in a sentence is ‘the music is barely interesting’. The word barely makes the
sentiment less positive. Therefore, very and barely are examples of overstatement and
understatement words respectively. An overstatement word increases the intensity of the
positive or negative sentiment words, while understatement word decreases the intensity
of the positive or negative sentiment words by modifying the polarity strength of the
sentiment words in the sentence. In general, words like very, extremely (in English),
amge/beTam, A8<1/"Ejg (in Amharic), NM¢e1/bTa mi, i¢/mara (in Tigrigna) and a little
bit, less (in English), -+7d/tnx, &+/Tqit (in Amharic), ¢s0/qurub, 7a0-+e/n'xtey,

o-h-L/wHud (in Tigrigna) are overstatement and understatement words respectively.

The overstatement and understatement words are amplifying and attenuating their
neighboring sentiment words in the sentence. This is performed based on the polarity
values of the sentiment word modeled in the sentiment lexicon. All positive and negative
sentiment words in sentiment lexicon have the default value of +2 and -2 respectively. If
the positive sentiment word is preceded by an overstatement word in the same clause, it
gives a value of +3 or if the positive sentiment word is preceded by understatement word

in the same clause then it gives a value of +1. Similarly, for negative sentiment words, if

40




the negative sentiment word is preceded by overstatement in the same clause, then it
gives a value of -3 or if it is proceeded by understatement word in the same clause, then
it gives the value of -1. In this case, the sentiment sentence is classified into strong
positive, positive, strong negative and negative polarity classes. Table 4-2 shows the

effects of an overstatement and understatement words in sentiment sentences.

Table 4-2: Intensifier Terms in Sentiment Sentences

Ambharic Tigrigna English
T4 SO 10</Tru film new K0P &AL A%/Sbuq filmi 'yu o

The movie is nice (+ve)
(+ve) (+ve)

0N T4 LA 1@ /beTam Tru | 1N, K¢ &A1, h%/bTa'mi | The movie is very nice.

film new (Strong +ve) Sbugq filmi 'yu (Strong +ve) (strong +ve)

P9, 20MA &AJ® 1D TP &A™, h&/HmaQ filmi 'yu | The movie is boring
/yemiyasTela film new (-ve) | (-ve) (-ve)

AMI° L7.LOaMA &AT° 10+

Ph.C h™1P &AL h&/mHir The movie is very

/beTam yemiyasTela film
HmaQ filmi 'yu (Strong —ve) boring. (strong —ve)

new (strong —ve)

Conjunction words: conjunctions are highly functional and important for constructing
sentences. Basically, conjunctions link words, phrases and clauses together in a sentence
and it may be used to indicate the relationship between the ideas expressed in a clause
and the idea expressed in the rest of the sentence. Conjunction words play the vital role
in determining the overall sentiment polarity of the sentence since conjunctions often
change the sentiment into opposite orientations or add in the strength of the sentiments.
The coordinating and subordinating conjunction words are modeled in the lexicon with
their corresponding polarity values. Conjunction words like: and (in English), A9/ Ena
(in Amharic) and hg°a@-7/kem'wn (in Tigrigna) usually link sentiment words or phrases
which have the same polarities, whereas conjunction words such as: but, however,
although (in English), <17/gn, A7/ Enji, (r7ge/bihonm (in Amharic) and fca/xHkWa,
ArHi/ntXone, 39/gEna, et-7a9°nc/yXun'mber (in Tigrigna) usually link sentiment

words, phrases or clauses that have opposite polarities.
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4.2.7 Sentiment Word Polarity Weight Determination

Sentiment word polarity weight determination component is used to determine the
polarity weight of the sentiment sentences. The polarity weight of the sentiment sentence
is determined based on the polarity weight of the sentiment words in the sentence. The
sentiment words can be either positive or negative. Sentiment sentences can also contain
contextual valance shifters and negation words. The overall polarity weight of the
sentiment sentence is determined based on the positive and negative sentiment terms
with the effects of contextual valance shifters and negation words in the sentence. The
effect of valance shifters and negation words for positive and negative sentiment terms
are decided based on the window size of the sentiment words in the sentence. In general,

polarity weight of sentiment sentence is determined according to the following rules.

Rule One

If a sentence contains only positive sentiment words and the positive sentiment words are
not linked with any contextual valance shifter words, then the positive sentiment words

have maintained their default polarity weight values.
Example:

= This is the nice music (English)

»  $78 H4T 10/qonjo zefen new (Amharic)

" he& ool P we/Harif muziga 'yu (Tigrigna)

= 878 17 10 | like it/qonjo zefen new | like it (Mixed)

In this example, nice, #7€/qonjo, Aé&/Harif and like are positive sentiment words which
have positive sentiments in the sentences. In this case, each sentence has positive

sentiments with +2 polarity weight values.

Rule Two

If a sentence contains only negative sentiment words without any modifier words, then

the negative sentiment word is assigned its default polarity weight values.
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Example:

= The hotel is boring (English)

*  AQmA. B4 1@ osTeli hotEl new (Amharic)

" 1P 0 1A% A2/HmaQ bEt bl'i 'yu (Tigrigna)

= nafg® a0t awful DY food Af9° ANALI°G/tom sebat awful zXone food 'yom

‘abli"’omna (mixed)

In this example, all the sentences have negative sentiments with -2 polarity weight values
since the words boring, AamA./ osTeli, ei¥/HmaQ and awful are negative sentiment

words and make the sentence to have negative sentiments.

Rule Three

If a positive sentiment word in a sentence is preceded by overstatement word, then the
default polarity weight value of the positive sentiment word is increased by one (i.e.,
shifts from +2 to +3).

Example:

= Very nice music (English)

= (Mg° $72 8 (- 1@-/beTam qonjo yehone sra new (Ambharic)

=AMy, 06 Géhts Ae/bTa mi teba™ seraHteNa 'yu (Tigrigna)

* Al AS h(, Comedy nmg° fun ALCH5a!!!/ye’obE na kebE comedy beTam fun

“odrgoNal!!! (mixed)

The words very, amg°/beTam and 1M¢e1/bTa mi modify the polarity weight values of
the sentiment words in each sentiment sentences. This example shows an overstatement

words and amplify the polarity strength of the sentiment sentences.

Rule Four

If a negative sentiment word in a sentence is preceded by an overstatement word, then
the default polarity weight value of the negative sentiment word shifts from -2 to -1 and

the sentiment expression will be strong negative.
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Example:

= The food is extremely nasty (English)

" PA@ AT PPNt 4T dPHLE AP av e H0C 1@+/yesew "Ena yemengst nbret
mezref "Ejg meTfo tegbar new (Ambharic)

0 PR PG TP 0G0 DAAS N0A. HTATLA/Xgara mtkaX mHir
HmaQ tegbar tebahilu 'ab kllna b'li teXelXilu (Tigrigna)

= |n our region 14 14 AA&t very corrupted ae-g°!!!/In our region gele gele Halefti

very corrupted 'yom!!! (mixed)

In this example, nasty, e»pe/meTfo, Ae7¥/HmaQ and corrupted are negative sentiment
words. While extremely, 48<1/"Ejg, and 7°h.C/mHir are amplifier sentiment words which

amplify the semantic orientation of the negative sentiment words in the sentence.

Rule Five

If a positive sentiment word in a sentence is preceded by understatement word, then the
polarity weight value/strength of the positive sentiment word is decreased by one. The
understatement word makes to attenuate the polarity strength of the sentiment words in

the sentence. In this case, the semantic orientation of the sentiment will be weak positive.
Example:

= The music is a little bit interesting (English)

= The movie | have seen is less astonishing (English)

= 70 R0 99140 HAT 1@-/tnx des yemil zefen new (Amharic)

= TAGHE XCE HOA T A%/n'Xtey Sry zbele geza 'yu (Tigrigna)

In this example, a little bit, less, +7d/tnx and 7ati-+£/n'xtey are an attenuator words that
modify the original polarity weight vale of the positive sentiment words in the sentence.
The strength of sentiment become weakens and the polarity weight values shift from +2

to +1.
Rule Six

If the negative sentiment word in a sentence is preceded by understatement word, then
the polarity weight value of the negative sentiment word is decreased by one. In this
case, the sentiment expression of the sentence becomes weak negative and polarity

weight value shifts from -2 to -3.
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Example:

= The music is a little bit boring (English)
= 70 27L.20mA HE? 1+/tnx yemiyasTela zefen new (Amharic)
» 4l HRAA LC4 A%/qurub zeSI' derfi 'yu (Tigrigna)

The terms boring, ?71.amA/yemiyasTela and H&AA/zeSI' are negative sentiment terms
and when a little bit, +7ad/tnx and <4-(/qurub are added in the sentence, then the polarity

weight values are altered and the sentiment expressions become weak negative.

Rule Seven

If a positive sentiment word is preceded or followed by negation terms in the sentence,

then the sentiment of the positive word reverses into negative sentiments.
Example:

= The Hotel is not good (English)

" Pé BN h8LATP/Tru hotEl 'aydelem (Amharic)

" A+ 9oL A2 0T7/Shug mgbi ‘aykonen (Tigrigna)

* (Hv food satisfied AgLAu-7°/bezih food satisfied ‘aydelehum (mixed)

In this example, the words not, &gLA9°/'aydelem, A&hYy7%/'aykonen and
hgLAv9°'aydelenum are served as negations and changes the positive sentiment
expression into negative sentiments and the polarity weight value of these sentences will
be -2.

Rule Eight

If a negative sentiment word is preceded or followed by negation words in the sentence,
then the polarity of the sentiment sentence is shifted into positive sentiments.

Example:

= The music is not boring (English)
= aopg 9o ARAI°/meTfo mgb ‘aydelem (Amharic)
= 9P 9o, ALhiZ/HmaQ mgbi 'aykonen (Tigrigna)
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In this example, the sentences have positive sentiments since the negation words change
the semantic orientation of the negative sentiment words in the sentence into positive

sentiments.

Algorithm 4.4 shows the algorithm of sentiment word detection and determination of

polarity weight values of the sentiment words in the sentence.

Input: English, Amharic, Tigrigna root words
For each root word checked in trilingual sentiment lexicon
If the root word exists in sentiment lexicon

Assign the default PWV of the root word//PWV-Polarity
Weight Value

If the root word preceded by overstatement word
PWV+1l //PWV of the root word increases by one

Else 1if the &root word preceded by understatement
word

PWV-1 //PWV of the root word decreases by one
Else if the root word preceded/followed by negation
PWV*-1 //PWV of the root word reversed
End if
Else
Assign zero PWV to the root word
End if
End for
Output: total PWV of sentiment words

Algorithm 4.4: Algorithm for Sentiment Word Detection and Polarity Weight
Determination
Rule Nine

If a positive sentiment word preceded or followed by negation and intensifier words,
then the semantic orientation (i.e., polarity and strength) value of the sentiment sentence

IS unchanged.
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Example:

= The music is not very good (English)
" AP P4 HAT hRLAIPEjg Tru zefen ‘aydelem (Amharic)
= 1My, a0+ ov-H.P ALDTI/DTa mi Sbug muziga 'aykonen (Tigrigna)

In this example, the sentences have positive sentiments with polarity weight value of +2.

Rule Ten

If a negative sentiment word in a sentence preceded or followed by negation and
intensifier words, then the sentiment of the sentence has still negative sentiments and its

polarity weight value is unchanged.
Example:

= The movie is not very boring. (English)
" AL P91.20mA &AT° ALLAIC Ejg yemiyasTela film ‘aydelem (Ambharic)
= AHR HehCP 4071 A2hT/'azyu zeHrQ filmi ‘aykonen (Tigrigna)

Rule Eleven

If sentiment words, phrases or clauses of a sentence connected by conjunctions like but,
yet in English, <7%/gn, A7&/Enji, Qwr¥9e/bihonm in Amharic and fnn/xHKkWa,
£rageac/yXun'mber in Tigrigna, then the sentiment polarity of the sentence changes
into the polarity of the phrase or clause expressed after the conjunction. In sentiment
sentence, these conjunctions always link words or phrases that have opposite polarity
values and the sentiment polarity of the sentence is determine based on the polarity value

of the clause or the phrase expressed after the conjunction.
Example:

= The bed is smart, but the mattress is dirty (English)

" A& O 10 77 $47 10+/sefi bEt new gn goxaxa new (Amharic)

" A1e YL AR QTETAPNC TN éh AN PhOH 0N Af/senef temharay 'yu
yXun'mber nsdra'u ‘ab mHgaz gobez 'yu (Tigrigna)

In this example, the sentiments of the clauses before and after the conjunction have

opposite polarity values.
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Rule Twelve

If the sentiment words, phrases or clauses in a sentence connected by connectors like and
(in English), a5/°Ena (in Amharic) and h9°a@-7/kem'wn (in Tigrigna), then the sentiment
polarity of the sentence is not changed since these conjunctions always connect words,
phrases or clauses that have the same polarities and they don’t affect the overall

sentiment polarity of the sentence.
Example:

= The song is nice and interesting (English)
" 9YE AQ 72 AAY 1@/mcu “Ena nSuh “olga new (Amharic)
" GQ @8, O avH P a(+P hIPhD7 TO-9° QWA LC4. he/nay wedi bayere muziga Shuq

kem'wn T um bahlawi derfi 'yu (Tigrigna)

In this example, all the sentiment terms in the sentences have similar semantic

orientations.

In sentiment sentence words, phrases and clauses are connected with conjunctions and
the overall semantic orientation of the sentence and its polarity weight values is

determined using algorithm 4.5.
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Input: Amharic, Tigrigna, English root words
For each root word check in trilingual sentiment lexicon

If the root word exist in the sentiment lexicon
Assign default PWV of the root word
If root word preceded/followed with negation
and intensifier words
Return default polarity weight wvalue of
the root word
Else if root word in a sentence connected with
contrast conjunction
Assign the PWV of the root word after the
conjunction
Else if the root word in a sentence connects
with and, A%/ Ena, OA®7%/kem'wn
PWV of the root word maintain its default
values
End if
End if

End for
Output: Polarity weight value of the sentiment sentence

Algorithm 4.5: Algorithm to Determine the Polarity Weight of Sentiment Sentence

4.2.8 Sentiment Classification

Sentiment classification component is used to classify the sentiment sentence into
positive, negative and neutral sentiment categories based on the average polarity weight
value of the sentiment terms in the sentence. In this research work, sentiment
classification performs based on lexicon-based techniques which takes the clue from
sentiment lexicons. It extracts sentiment terms from the sentence using the dictionary of
sentiment terms and its polarity weight values in the sentiment lexicon. The polarity

value of the sentence is calculating from the polarity value of the sentiment words in the
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sentence. This is performed by adding individual polarity weight values of the sentiment
words in the sentence using Equation 1 and the final result used as the polarity weight

values of the sentiment sentence.

PWV = X1, Wi e )

Where, PWV is the total polarity weight value of the sentiment sentence S, m is the total
number of positive or negative words in the sentence S, W; is the individual polarity

value of the sentiment words (i.e., positive, negative) in S.

Sentiment Polarity is the polarity of the sentiment sentence. It is categorized based on the
average polarity weight values in the sentences which are positive, strong positive, weak
positive, negative, strong negative, weak negative and neutral polarity classes. The
neutral polarity class has zero polarity weight values. The system classifies the sentence
into neutral class is either there are equal number of positive and negative sentiment
terms in the sentence, for instance “enjoy the crazy movie” or the sentence is non-
sentiment sentence since, if there are equal numbers of positive and negative sentiment
terms in sentiment sentence, then the average polarity weight value will be zero. In this
case, the system is considered as the sentence as neutral and assigns zero polarity weight
values. Table 4-3 shows the sentiment classes with their corresponding polarity weight

values in the sentiment sentences.

Table 4-3: Polarity Categories of Sentiment Sentences

# | polarity weight value Sentiment polarity Example

1 | If O<pwv<=1 Weak positive The movie is less nice

2 | If I<pwv<=2 Positive The movie is nice

3 | If pwv>2 Strong positive The movie is very nice

4 | If pwv<-2 Weak negative The movie is less boring

5 | If -2<=pwv<-1 Negative The movie is boring

6 | If-1<=pwv<0 Strong negative The movie is very boring
7 | If pwv=0 Neutral This is an Ethiopian movie
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Chapter Five: Experiment

5.1 Introduction

Section 5.2, the development environment and tools used to develop the prototype of
trilingual sentiment analysis system are discussed. Section 5.3 shows the prototype of the
system. Section 5.4 deals the data collections used for language identification, to
construct trilingual sentiment lexicon and to test the performance of the system. Section

5.5 presents the results and discussions.
5.2 The Development Environment and Tools

The trilingual sentiment analysis system is developed and tested on Toshiba laptop

computer:

= Laptop computer with windows 7 ultimate operating system, Intel core i5 with
2.6 GHz processor speed, 6.0GB RAM and 465 GB hard disk capacity

= Other software components used to develop and test our system is Python,
NLTK, Notepad++ and PyMySQL.

Python® is a simple yet powerful programing language with excellent functionality for
processing linguistic data [68]. It is highly readable, allows data and methods to
encapsulate and contains extensive library including components for graphical
programing, numerical programing and web connectivity. For this work, the version 3.5
of python 32-bits is used. It is used to develop the prototype of trilingual sentiment

analysis system,

NLTK?* is natural language processing toolkit that can be used to build NLP programs in
python. It is an open source toolkit that contains open source python module, linguistic
data and documentation for research and development in natural language processing
field [68]. It provides basic class for representing data relevant to NLP, standard
interface for performing tasks such as text classification, part-of-speech tagging and
syntactic parsing. In this work, NLTK is used for sentence and word tokenization in

order to split the input sentiment sentences into lists of words.

® http://www.python.org/
* http://mww.nltk.org/
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Notepad++° is a free source code editor and the replacement of Notepad that supports
several languages. In this work, we used Notepad++ version of 7.5.1 with 32-bits which

is used to build and edit the lexicons.

PyMySQL? is the package that contains pure-Python MySQL client library and used to

connect and access MySQL databases.

5.3 Prototype of the System

The system prototype is developed using python programming language. The developed
system provides the functionalities for analyzing user generated sentiment texts. Users
can provide the sentiment texts into the system in two ways. One by preparing the
sentiment texts in UTF-8 file formats in specific location and imported into the system or
by providing sentiment sentences one by one on the provided GUI. Then, the system
generates the sentiment polarity with corresponding polarity weight values. Figure 5.1

shows the Ul of trilingual system

T T T i
§  trilingual Sentiment Analyzer System = = 2,

Enter Comment in Provided Text Area blow! Sentiment Text Result Display

Analyze| Rest Exit
========== TImport the Prepared File for Analyzing! —===============================

Figure 5-1: Trilingual Sentiment Analysis System Ul

> https://notepad-plus-plus.org/
® https://pypi.python.org/pypi/PyMySQL/
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Figure 5.2 shows the system provides summarized sentiment information.

Enter Comment in Provided Text Areca blow!

Analyze Rest | Exit

Sentiment:
Polarity:

Sentiment Text Result Display

==========Import the Prepared File for Analyzing!

Smeit === Fummary ======
Total Meutral Zentiment: 40

Total Positive Sentiment: 113

Total Weak Fositive 3Jentiment: &7
Total Strongy Positive Jentiment: 144
Total Negative Sentiment:105

Total Weak Negative Sentiment:42
Total 3trong Negative Sentiment:25

Figure 5-2: Analyzed Sentiment Information Result

c? trilingual Sentiment Analyzer System

Operl E:/z-Final Implment Code/1-FinalCodesTrilingualDataset.txt

=Rl A ]

Enter Comment in Provided Text Area blow!

nice mowvie AWF OFRd HhYE film so 4’2:‘;\&-!!.

Analyze| Rest | Exit

========== Import the Prepared File for Anal¥zing!

Submit

Sentiment Text Result Display

Sentiment:

Strong FPositive

Polarity:

Figure 5-3: Result of Input Sentiment Text with its Sentiment and Polarity Values
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5.4 Data Collection

In this research work, different datasets were collected for language identification, to
build trilingual sentiment lexicons and to evaluate the performances of the trilingual

sentiment analysis system.

Language identification: English, Amharic and Tigrigna languages were detected in
word level using lexicon based approaches. To build the lexicon, English, Amharic and
Tigrigna wordlists were used. English wordlists are collected from [69] which have a
total of 109,584 English words for English language identification. Similarly, Tigrigna
and Amharic wordlists were collected from [70]. Manual preprocessing activities were
made for Amharic and Tigrigna wordlists in order to avoid unimportant words and
phrases. After the preprocessing activity is completed, a total of 341,669 Amharic words
and 384,205 Tigrigna words were used for Amharic and Tigrigna language

identification.

Trilingual sentiment lexicon: the trilingual sentiment lexicon is built manually by
collecting sentiment words from various resources. For English sentiment word
detections, English sentiment words were collected from [71] and for Amharic and
Tigrigna mentioned in Section 4.2.2. In general, the trilingual sentiment lexicon contains
English, Amharic and Tigrigna sentiment words and the sentiment words are validated
by linguistic expertise. Some lists of the sentiment words are provided on the Appendix
part. Table 5-1 shows the total number of sentiment words used to build the trilingual

sentiment lexicons.

Table 5-1: Sentiment Words in Trilingual Sentiment Lexicons

Sentiment words
Language | Positive | Negative | Context valence shifters
English 2006 4783 25
Ambharic | 1009 1264 18
Tigrigna | 1663 1122 26
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Finally, for performance evaluation of trilingual sentiment analysis system, 564
sentiment sentences have been manually collected from Facebook and YouTube on the
domain of movie, music, politics and hotel. These domains were collected because of
absence of any prepared available written sentiment sentences in Amharic and Tigrigna
languages. At the time of collecting the data, the sentiments on the posted topics are
selected randomly. After collecting the sentiment data, we made manual sentiment
classification with help of linguistic expertise. The manual sentiment classification helps
to compare the results generated by the system. The manual sentiment classification is
used to assign the polarity of the sentiment sentences and helps to compare the results of
the system after conducting the experiment. In this research work, sentiment sentences
are categorized into three basic classes based on their semantic orientations: positive,
negative and neutral sentiment classes. While, the positive and negative sentiment
classes are classified further into positive, strong positive, weak positive, negative, strong
negative and weak negative sentiment classes. The sentiment sentences can contain
English, Amharic, Tigrigna and mixed language of words since different opinion holders
can express their feelings for the same topic in different perspectives; it can use different
languages or can combine languages for their expressions. For example, consider this
sentence “nice movie AHE 9174+ Hort film so 20! or “too much happy AeLAu-9°
(v music” In this example, the first sentiment sentence contains Tigrigna and English
words in the movie topic, while the second sentiment sentence contains English and
Ambharic words in the music topic. In this study, such kinds of sentences are considered
and the sentiment is determined based on the sentiment words in the sentence. However,
there are also pure Amharic, Tigrigna and English sentiment sentences on the topic from
opinion holders. Finally, the collected sentiment sentences were categorized into
predefined categories: positive, strong positive, weak positive, negative, strong negative,

weak negative and neutral sentiment classes.

5.5 Results and Discussion

5.5.1 Evaluation Procedures

The experiment is done to measure the overall performance of the developed trilingual
sentiment analysis system. In this research work, a total of 564 sentiment sentences were
used to test the accuracy of the system. The test results achieved were presented in
Section 5.5.3 in Table 5-2.
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5.5.2 Evaluation Results

The role of this activity is to describe the evaluation metrics of the designed system and
followed by its test results. We have used precision, recall and F-measure evaluation
metrics to measure the effectiveness of the selected approach. In this study, the
experiment is done based on the sentiment polarity classes and evaluates each evaluation
metrics corresponding to each sentiment polarity classes. The sentiment polarity classes
are classified into seven categories: positive, weak positive, strong positive, negative,
weak negative, strong negative and neutral classes. At last, the precision, recall and F-

measure were calculated in the experiment for each polarity classes.

Precision measures the correctness of the classifier. It is the ratio of the correctly
classified sentiment categories over the sentiment classified into correct sentiment
categories. In other words, it measures how many of the sentiment sentences that the
system classified in the correct class. A high precision indicates the system achieves the

better correctness on sentiment sentence classification.

_ TP
= ) 3)

Where, P stands for precision, TP stands for true positive and it denotes the number of
sentiment sentences classified in correct sentiment class and FP stands for false positive,

it represents the number of incorrectly classified sentiment sentences as correct class.

Recall is the ratio of the total number of correctly classified sentiment class to the total
number of correct sentiment in the actual class. High recall refers the system is better and

not miss correct classes.

_ TP
STPIEN | reeeeeeeeeeeeeeeseeeeesi 4)

R stands for recall, TP stands for true positive and it donates the number of sentiment
sentences classified in a correct class, FN stands for false negative and it donates the

number of sentiment sentences classified incorrectly in other class.

F-score is the harmonic mean of precision and recall. That is:

_ 2«PxR
F-measure = DR ceeeeeeeeeeeeeeeeesssinno (5)
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5.5.3 Test Results

In this research work, to evaluate the performance of the system and its effectiveness on
sentiment polarity classifications, the experiment is conducted using the collected
sentiment datasets. In this experiment, we considered the effects of contextual valence
shifter terms and taking an account of negation terms in sentiment sentences. The
negation and contextual valance shifter terms include the amplifiers, deminishers and
conjunction terms in sentiment sentences, due to this, the sentiment polarity classes are
classified into seven categories which are positive, strong positive, weak positive,
negative, strong negative, weak negative and neutral classes. Table 5-2 shows the

evaluation results of the experiment on each sentiment polarity classes.

Table 5-2: Evaluation Result of the Experiment

Evaluation Metrics

Polarity class Precision (%) | Recall (%) | F-score (%)
Weak positive 89.31 72.67 80.13
Positive 95 85.95 92.40
Strong positive 94.54 90.29 92.36
Negative 91.61 84 87.64
Weak negative 83.79 85.28 84.53
Strong negative 85.14 78.14 81.49
Neutral 73.07 97.16 83.41

Average | 87.49 84.78 85.99

5.5.4 Discussion

As shown from Table 5-2 above, the experimental results are different for each polarity
classes. In this Subsenction, we discuss the results of each polarity classes and the

reasons of the variation of the results on each polarity classes.

In Table 5-2, the precision of positive and strong positive polarity classes are higher than
the remaining polarity classes, because much of the test datasets contain the positive
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sentiment sentences and the sentiment sentences belong in the positive and strong
positive sentiment classes. Therefore, the size of the sentiment sentences belongs in
positive and strong positive sentiment classes help to achieve better performance results
in the polarity classification of the system. In negative and strong negative polarity
classes, the precision is higher than their recalls. This indicates the classification
approach predicts the right sentiment classification in negative and strong negative
sentiment polarity classes and the system achieves better correctness in the classification.
In neutral polarity class, the system achieves the lowesr precision, but the highest recall
from the other polarity classes. The reason is the effect of misspelling sentiment words in
sentiment sentences, the equal occurance of sentiment terms in the sentence, the size of
the sentiment words in the trilingual sentiment lexicons and the presence of sarcastic
sentence in sentiment sentences. For example, the sentence ‘I appreciate the way how he
expresses about narrow minded politcians’, this is a sentiment sentence and it has
positive polarity, however due to equal number of sentiment term occurance (i.e., one
positive term (appreciate) and one negative term (narrow)) in the sentence, the system

assigns the sentence wrongly into neutral polarity class. Other example also, ‘this is a

wrong spelling sentiment word (i.e., beautifull) and the system considers all the terms in
the sentence are neutral and the sentence has neutral polarity values. If the sentiment
sentence contains misspelled sentiment terms, equal number of sentiment terms, or not
correctly identified the language of the sentiment terms or the sentiment term not exists
in the trilingual sentiment lexicons, then the system automatically assigns the polarity of
the sentence into neutral polarity classes. Therefore, an incorrect polarity classification of
the sentiment sentence into neutral polarity class has an influence to the performance
results of neutral polarity classes. In general, the absences of spelling checker, the
existence of sarcastic sentences and ambiguous words in sentiment sentences have their
own negative inpacts/influences in overall performance of the system in sentiment

classifications.

In general, the values of the evaluation metrics are encouraging, large size of positive
and negative sentiment terms in the lexicon, appropriate language identification,
concerning the effects of valance shifters and negation terms in sentiment sentences are

assumed to improve the performance of the sentiment polarity classifications.
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Chapter Six: Conclusion and Future Work
6.1 Conclusion

There are several social media sites that use different languages around the world. It is
obvious that the contents of the information available on the social media can be in
different languages. With the high availabilities of multilingual text data on social media,
it needs to handle the social media textual contents written in multiple languages and
needs to convert the multilingual data into understandable and easily useable formats.
Regarding this, multilingual sentiment analysis tries to analyze and classify sentiment

sentences based on the sentiment polarities using various approaches.

Accordingly, this study addressed the knowledge gap or problem of sentiment analysis
on trilingual sentiment sentences, typically available on social media. In order to address
this problem, this study investigated an open source tools which provide various
services. The levels of sentiment analysis and different techniques used for sentiment
analysis and classifications like lexicon based approach, machine learning approach and
hybrid approach were studied. This research work, investigated the linguistic behaviors
of English, Amharic and Tigrigna languages especially on their morphological
characteristics. The comprehensive reviews on monolingual and multilingual sentiment
analysis on social media and related areas were undertaken. An understanding of the
techniques and linguistic behaviors allowed the formulation of the requirements for each
component of trilingual sentiment analysis system. The trilingual sentiment analysis
system consists of preprocessor, language identifier, morphological analyzer, sentence
constructor using root words, sentiment term detector, sentiment term polarity weight

determiner and sentiment classifier components.

In developing the trilingual sentiment analysis system, this study employed language
identification component for the purpose of morphological analysis and detecting
sentiment terms of the corresponding languages in the inputted texts. The languages are
from different families with their own writing scripts. In order to maintain the data
uniformity and consistency, the Ethiopic scripts were converted into Latin scripts since
Latin script representations are less complex and contain small numbers of letters
relative to Ethiopic scripts. Analyzing of trilingual sentiment sentences are based on

sentiment terms in the trilingual sentiment lexicons and some rules for detecting and

59



determining the polarity weights of sentiment terms were built in the sentiment

sentences.

Finally, in order to verify the objective, evaluation of trilingual sentiment analysis
system was performed using social media data. The evaluation takes from the
performance test of the system. The success of the demonstration and performance test
clearly showed that the feasibility of providing the system for analysis of sentiment texts
on social media. To evaluate the performance of the system on sentiment analysis, 564
sentiment sentences were collected from different topics that were posted on Facebook
and YouTube. To demonstrate the effectiveness of the system precision, recall and F-
measure evaluation metrics were conducted and an average precision of 87.49%, average
recall of 84.78% and average F-measure of 85.99% were obtained from the experiment.
This study showed promising results, but more comprehensive future works make this

more findings improved.

6.2 Contribtion of the Thesis

The findings of this study can have considerable contributions as explained here under.

= Studied the trilingual sentiment analysis on social media using English, Amharic
and Tigrigna languages help as bridge for other related works on trilingual
sentiment analysis.

= Developed an algorithm that identifies the language of input texts from trilingual
sentiment sentences.

= Developed an algorithm that detects and determines polarity values of sentiment
terms from trilingual sentiment sentences.

= Built the trilingual sentiment lexicons for sentiment term detection and polarity
weight determination in trilingual sentiment sentences.

= Developed a trilingual sentiment analysis system that analyzes and classifies

sentiment polarities of trilingual sentiment sentences.
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6.3 Future Work

The primary purpose of this study was to design and develop a trilingual sentiment
analysis system on social media. In order to develop a full-fledged trilingual sentiment
analysis system on social media, it needs coordinated team work from linguistic
expertise and computer science expertise. Even if the system had already demonstrated
good performance on realistic setting, still it needs further improvements. Future work
may address the following in order to have a full-fledge of trilingual sentiment analysis

system.

= Building more comprehensive list of positive and negative sentiment words to
enhance the performance of the system.

= |dentifying the language in phrase level and text level helps to include sentiment
classification using phrase patterns.

= Developing sentiment terms in domain specific provides to take account of
domain dependent sentiment terms and enhance system performance.

= Modeling ambiguous sentiment words helps to perform an appropriate sentiment
classification.

= Modeling sarcastic or ironic sentences helps to reduce an incorrect classification
of sentiment polarities.

= Analyzing sentiments in feature level helps to determine the sentiments on

specific features/aspects of the objects.
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Appendix-2: Sample English Positive Sentiment Words

Abound
Abounds
Abundance
Abundant
Accessible
Acclaim
Acclaimed
acclamation
Accolade
Accolades

accommodative

accomplish

accomplished
accomplishment

Accurate
Accurately
Achievable

achievement
achievements

Acumen
Adaptable
Adaptive
Adequate
Adjustable
Admirable
Admirably
Admiration
Admire
Admirer
Admiring
Admiringly
Adorable
Adore
Adored
Adorer
Adoring
Adoringly
Adroit
Adroitly
Adulate
Adulation
Adulatory
Advanced
Advantage

appreciate

appreciated
appreciates
appreciative

appreciatively

appropriate
approval
approve
beautiful
beautifully
beautify
beauty
beckon
beckoned
beckoning
beckons
believable
beloved
benefactor
beneficent
beneficial
beneficially
beneficiary
benefit
benefits
benevolence
benevolent
best

better
blameless
bless
blessing
bliss
blissful
blissfully
blithe
blockbuster
bloom
blossom
bolster
bonny
bonus
bonuses
boom

Fair
Fairly
fairness
Faith
Faithful
Fame
Famed
Famous
famously
Fancier
Fancy
Fanfare
Fans
fantastic
fascination
fashionable
fashionably
Fast
Faster
Fastest
faultless
Favor
favorable
Favored
Favorite
fearless
fearlessly
feasible
feasibly
fecilitous
Feisty
felicitate
Felicity
Fertile
Fervent
fervently
Fervid
Fervidly
Fervor
Festive
Fidelity
Fiery
Fine
Finely
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lovable
lovably
love
loved
lovely
lover
loves
loving
loyal
loyalty
lucid
lucidly
luck
luckier
luckiest
luckiness
lucky
lucrative
luminous
lush
luster
lustrous
luxuriant
luxuriate
luxurious
luxuriously
luxury
lyrical
magic
magical
magnificent

magnificently

majestic
majesty
manageable
marvel
marveled
marvelous
marvelously
marvels
master
masterful
masterfully
masters

Nice

Nicely
Nicer
Nicest
Nifty
Nimble
Noble
Nobly
Noiseless
Notably
Nourish
Nourishing
Nourishment
Novelty
Nurturing
Obtainable
Openly
Openness
Optimal
Optimism
Optimistic
Opulent
Orderly
Originality
Outdone
Outshine
Outsmart
Outstrip
Outwit
Ovation
Overjoyed
Overtake
Overtaking
Overtook
Painless
Painlessly
Palatial
Pamper
Pampered
Pampers
Panoramic
Paradise
Paramount
Passion

Success
Suffice
Sufficed
Suffices
sufficient
sufficiently
Suitable
sumptuous
Super
Superior
superiority
Supple
Support
supportive
supports
supremacy
supreme
supremely
surmount
Surpass
Surreal
Survival
Swank
swankier
swankiest
Swanky
sweeping
Sweet
Sweetly
sweetness
Swift
swiftness
Talent
Talented
Talents
Tantalize
tenacious
tenaciously
Tenacity
Tender
Tenderly
Terrific
terrifically
Thank



advantageous
advantageously
advantages
adventurous
Advocate
Advocated
Advocates
Affability
Affable
Affably
Affectation
Affection
affectionate
Affinity
Affirm
Affirmation
Affirmative
Affluence
Affluent
Afford
Affordable
Affordably
Agile

Agilely
Agility
Agreeable
agreeableness
Agreeably
Alluring
Alluringly
Altruistic
altruistically
Amaze
Amazed
amazement
Amazing

booming
boost
boundless
bountiful
brainiest
brainy
brand-new
brave
bravery
breeze
bright
brighten
brighter
brightest
brilliance
brilliances
brilliant
brilliantly
brotherly
bullish
buoyant
cajole
calm
calming
calmness
capability
capable
capably
captivate
captivating
catchy
celebrate
celebrated
celebration
concise
confidence

Finer
Finest
Firmer
Flashy
Flatter
flattering
flatteringly
flawless
flawlessly
flexibility
Flexible
Flourish
flourishing
Fluent
Flutter
Fond
Fondly
fondness
foolproof
foremost
foresight
formidable
fortitude
fortuitous
fortuitously
fortunate
fortunately
Fortune
fragrant
Free
freedom
freedoms
Fresh
friendliness
friendly
Fun

71

mastery
matchless
mature
maturely
maturity
meaningful
memorable
merciful
mercifully
mercy
merit
meritorious
merrily
merriment
merriness
merry
mesmerize
mesmerized
mesmerizes
mesmerizing
miracle
miracles
miraculous
modern
modest
modesty
momentous
morality
motivated
neat

unity
unlimited
useful
valuable
victory
wealthy

Passionate
Passionately
Patience
Patient
Patiently
Patriot
Patriotic
Peace
Peaceable
Peaceful
Peacefully
Peach
Peerless
Peps
Perfect
Perfection
Perfectly
Permissible
Perseverance
Persevere
Personages
Personalized
Phenomenal
phenomenally
Picturesque
Piety

Playful
Pleasant
Pleasantly
Pleased
Pleases
Pleasure
Plentiful
Pluses

Polite
Verifiable

Thankful
Thinner
Thrilled
Thrilling
thrillingly
Thrills
Tidy
Timely
Tingle
Titillate
titillating
tolerable
Tough
Tougher
toughest
Traction
Tranquil
tranquility
transparent
Treasure
Trendy
Triumph
triumphal
triumphant
Trivially
Trophy
Trump
Trumpet
Trust
Trusted
Trusting
trustingly
Trusty
Truthful
truthfully
versatile



Appendix-3: Sample English Negative Sentiment Words

Abnormal
Abolish
Abort
Aborted
Aborts
Abrade
Abrasive
Abrupt
Abscond
Absence
Absurd
Abuse
Abusive
Accidental
Accost
Accursed
Accusation
Accuse
Accusing
Acerbate
Acerbic
Ache
Acrimony
Adamant
Addict
Addicted
Addicting
Addicts
Admonish
Adulterate
adversarial
Adversary
Adverse
Adversity
Afflict
Affliction
Afflictive
Affront
Afraid
Aggravate
aggravating
Aggression
Aggressive
Aggressor

babble
backache
backbite
backward
Bad
baffle
Bait

Balk
banal
Bane
banish
barren
baseless
Bash
bashful
bashing
bastard
bearish
beastly
bedlam
befoul
Beg
beggar
beguile
belabor
belated
Belie
belittle
bellicose
bemoaning
bemused
Bent
berate
bereave
bereft
berserk
beseech
beset
besiege
besmirch
bestial
betray
betrayal
betrayer

Careless
Caricature
Carnage
Carp
Castigate
Casualty
Cataclysm
Cave
Censure
Chafe
Chaff
challenging
Chaos
Chaotic
Chasten
Chastise
Chatter
Cheap
Cheat
Cheesy
Chide
Childish
Chill
Chintzy
Choke
Choleric
Choppy
Chore
Chronic
Chunky
Clamor
Clash
Clique
Clog
Cloud
Clueless
Clumsy
Clunky
Coarse
Cocky
Coerce
Coercion
Coercive
Cold

damage
damn
damnable
damnation
damned
damper
danger
dark
dastard
daunt
dawdle
daze

dead

deaf
dearth
death
debacle
debase
debaser
debauch
debt
debts
decay
decayed
deceit
deceitful
deceive
declaim
decline
decrement
decrepit
decry
defamation
defamations
defamatory
defame
defect
defensive
defiance
defiant
deficient
defile
defiler

deform

elimination
emaciated
emasculate
embarrass
embattled
embroil
emergency
emphatic
emptiness
encroach
endanger
enemies
enemy
enervate
enfeeble
enflame
engulf
enjoin
enmity
enrage
enslave
entangle
entrap
envious
erase
erode
error
evade

evil
eviscerate
exacerbate
excessive
exclusion
excoriate
excuse
exhaustion
exhausts
exhort
exile
expensive
expire
explode
exploit
expulse

Negate
Neglect
Negligence
Negligent
Nemesis
Nepotism
Nervous
Nettle
Neurotic
Neurotically
Niggle
Niggles
Nightmare
Nitpick
Nitpicking
Noise
Noises
Noisier
Noisy
Nonsense
Nosey
Notoriety
Notorious
Noxious
Nuisance
Numb
Obese
Object
Oblique
Obliterate
Obliterated
Oblivious
Obnoxious
Obscene
Obscenely
Obscenity
Obscure
Obscured
Obscures
Obscurity
Obsess
Obsessive
Obsolete
Obstacle



Aggrieve
Aggrieved
Aghast
Agonies
Agonize
Agonizing
Agony
Aground
Ail

Ailing
Ailment
Aimless
Alarmed
Alarming
Alarmingly
Alienate
Alienated
Alienation
Allege
Allergic
Allergies
Allergy
Aloof
Altercation
Ambiguity
Ambiguous
ambivalence
ambivalent
Ambush
Amiss
Amputate
Anarchism
Anarchist
Anarchy
Anemic
Anger
Angry
Anguish
Animosity
Annihilate
Annoy
Anomaly

betrays
bewail
beware
bewitch
Bias
bicker
bigotries
bigotry
Bitch
biting
bitter
Blab
blabber
Blah
blame
Bland
blandish
blasted
blatant
blather
Bleak
bleed
blemish
Blind
blister
bloated
blockage
bloody
blotchy
Blow
blunder
Blunt
Blur
Blurt
Bore
break
bribery
bruise
brutal
bumps
Bunk
burden

Collapse
Collude
Collusion
Combative
Combust
Comical
Complain
Complex
Complicit
Conceit
Concern
Concerns
Concession
Condemn
condemned
Condemns
condescend
Confess
Confession
Conflict
Conflicted
Conflicting
Conflicts
Confront
Confuse
consequence
Contagious
contaminate
Contend
Contort
contortions
Contradict
Contrive
Corrode
Corrosion
Corrosive
Corrupt
Costly
Crack

Crash

Craze
Crazily
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defunct
defy
degenerate
degrade
deject
delay
delinquency
delinquent
delirious
delirium
delude
deluge
delusion
demean
demise
demolish
demon
demonic
demonize
denial
denied
denies
denigrate
denounce
dense
dent
dented
dents
deny
deplore
deprave
depress
deprive
desert
desolate
despise
despised
despoil
despoiler
despondence
despondency
despondent

expunge
exterminate
extinguish
extort
fabricate
fabrication
facetious
facetiously
fail

fake

fall
famine
fanatic
farce
farcical
fat

fatal
fatigue
fault

faze

fear

fell

fever
fibber
fickle
fiend
fissures
fist

flair

flak

flake
flakey
flaking
flaky
flare
flares
flaunt
flaw
overkill
irritate
isolate
jam

Obstinate
Obstinately
Obstruct
Obstructs
Obtrusive
Obtuse
Occlude
Occluded
Occludes
Occluding
Odd
Offence
Offend
Offender
Offending
Offenses
Offensive
Officious
Ominous
Ominously
Omission
Omit
Onerous
Onerously
Onslaught
Opinionated
Opponent
Oppose
Opposition
Oppositions
Oppress
Oppression
Oppressive
Oppressors
Ordeal
Orphan
Ostracize
Outcry
Outlaw
Overact
Overacted
Overawe



Appendix-4: Sample Amharic Positive Sentiment Words
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Appendix-5: Sample Amharic Negative Sentiment Words
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Appendix-6: Sample Tigrigna Positive Sentiment Words
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Appendix-7: Sample Tigrigna Negative Sentiment Words
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Appendix-8: Inflection of Tigrigna Sentiment Words

Word | Inflection | Analysis Latin Prefix | Stem | Suffix | Root | Root
Lo | 0P RIS Shuq - Sbuq | - Shq | &-N-¢
K0Ptk K0Pt Sbug-ti - -ti
K0P N-Z(+¢ b-Sbuqg b- -
Kt K-kt Sbug-at - -at
AP ANP-h Sebig-e - Sebiq | -e
AP AP-G Sebig-na - -na
aNP7 AP-A7 Sebig-en - -en
ALPng® | AMLP-hege Sebig-kum - -kum
AN ANP-AI° Sebig-om - -om
ALPPI® | ALP-HRIP Sebig-atom - -atom
AP T7 ALP-2t7 Sebig-aten - -aten
ALPh7 AMLP-n7 Sebig-kn - -kn
hgN¢ h-20¢ k-Shq k- Sbg |-
TP T-20P t-Shq t- -
hra-0e hh-2Ne kt-Shq kt- -
ZNPrH &NP-rk Sbg-net - -net
h&N¢ h-20$-h k-Sbhqg-u k- -u
hra(+ h-&NP-k kt-Shqg-u kt- -u
ha h-ZNP-4 k-Sbg-a K- -a
PROLI° | JO-Z0Pp-hI° m-Shag-om m- Sbhaq | -om
PR0P 17 | P-20P-ht m-Shag-aten m- -aten
PRSPPI | o-20P-hF9° | m-Shag-atom m- -atom
HaNP H-A0P-h z-Sebeg-e z- Sebeq | -e
nand+ H-20-ht z-Sebeq-et z- -et
Handh H-20$-h z-Sebeg-ka z- -ka
HAOMPHI® | H-ANP-1g° z-Sebeg-kum z- -kum
HAOPh7 | H-20P-h7 z-Sebeg-kn z- -kn
HANPS H-20P-F z-Sebeg-na zZ- -na
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Appendix-9: Inflection of Amharic Sentiment Words

Word | Inflection | Analysis Latin Prefix | Stem | Suffix | Root | Root
P&0 P50 PE0 Qdus - qdus | - ¢-2-0 | qds
+447 PEN-R7 qdus-an - -an
RLAGT RLN-AGT guds-anoc - quds | -anoc
PL0G PLNO-F qds-na - qds -a
Pt PL0O-F qds-t - -t
PG0F PGO-kT qdus-oc - -0C
PPL0rt P-PL0-F ye-qds-t ye- -
ePLAN et-PLA-A yete-gedes-e yete- | gedes | -e
eteLAT et-+o0-AT | yete-gedes-ec | yete- -ec
a7 A [(hEN Senef - senef | - 0-7-& | snf
aret A1e-wT senef-oc - -0C
avQ i av-( 1 me-snef me- snef | -
NAes 0-0'7e be-senef be- -
AW2LAN1E A8-(01F "Ende-senef "Ende- -
WIRMIET | A1R-019-AT | “Ende-senef-oc | “Ende- -0C
haie n-0e ke-senef ke- -
haet h-a1§-AT ke-senef-oc ke- -0C
a7t a7s-rt snf-net - snf -net
(N 07e-q Snf-na - -na
FPC GPC FPC Fqr - fqr - ¢-¢-C | for
GPLT GPC-hG fqr-eNa - -eNa
GPLET GPC-h5T fqr-Noc - -Noc
GPLETPT | &PC-ATF | fqr-eNamoc - eNamoc
PGPC P-6C ye-fqr ye- -
N&¢C 0-§¢C be-fqr be- -
A§PC A-GPC le-fqr le- -
AT P6 A-&FC-h. “o-fgar-i ‘0- fqar | -i
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Appendix-10: Sample Data of Trilingual Sentiment Sentences

hmOh-t+ 1AL the best of film i like more

a1 9148 10U Heh@tL 0MI° LI°%6\ TIHF D

Really raya music great (Mg 2a 2Aah NCA-!

AH LCd 01910 G he AP HAOAN 1.0 NNYT, LA FNA OALNT 4T FHhdh AP |

Eal

like thise song...

<+ hC nice song AZnh. NGt

Pa- nice music FhhAF §8 T8 av-H P!

OPAL: O+PHE FAP £I° TIC AHA LAT® - PO28T 142 2 is excellent.
L0%a0@- (LL%T 277800 T J°CT movie

Nice movie AH® @v/4t Hn'rk Film so 602

© © N o O

10. wowww keep up my bro so very nice song £¢ %22 L0 074

11. so best music keep it up

12. wow we have a beautiful culture i am so glad am one of zs ppl

13. The food was terrible in the hotel.

14. The rooms are very clean and well equipped and the staffs are super nice.

15. N9, av¥ét Hork &AI° AL::

16. £&:9°9. @f1 ANOTY, AR HeADNI° PO

17. &9°9, @21 HED'IN £:9°9, 29197 Tlech AP

18. A fg° a0l cht G AL AtchANO AR HAPIO::

19. AN9° 1.81P Ph1ETTT PAATC £LF PULALN LT° 102 (ICk F&k WTANT

20. Po- NNI° $7L LAT° 10+

21. UHOFT? C+waI@<7 UHT A%L10S0T L PCA 1@<

22. mPAL TLUNFC aPAQ KSR 090TTT PPCT (@ G-

23. 080 1@~ 17 £I°L6\

24. hSF &0I° hLRNTP::

25. 3 heA NN9° 72U AATOLIP ::

26. AmA. VB 10~ ::

27. a7 NPUF®- LA 1N9° P99.2AMA AATT PAAD-? T7HAN AGPANAN NF e4+L47 Oid-
bHI°::

28. The most beautiful movie ever thanks you!!

29. (H. HE.? too much happy A2LAv-9°
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Appendix-11: Ethiopic Scripts/Fidel Vs Latin Scripts

Second Fourth

First order order Third order order Fifth order Sixth order Seventh order
U he U~ Hu (A hi b4 ha % hE U h v ho

A le i Lu A, li A La " IE A | 0 lo

h | He che Hu ch, Hi h Ha s HE ch H ch Ho

an me an- Mu 7L | mi aq ma o mE e m q® mo

| “se enl “su 2, "si ©y "sa b 3 "sE ~ ag ¥ “so

Z re o Ru & ri & Ra A rE C r c ro

0 | se (k Su (L si a Sa 0 sE 0 s 0 so

o | xe i Xu [ xi q Xa [ xE T x 1 X0

+ | ge ® Qu & qi P | Qa & qE P q $ qo

F Qe |® |Qu Z | Qi F |Qa |2 |QE | %@ Q ¥ Qo

N | be (- Bu (. bi a Ba " bE N b n bo

a ve a- Vu " vi q Va . vE 4 v o Vo

+ | te + | Tu + ti o Ta |+ tE + t + to

F | ce E Cu E3 ci F Ca F cE + c ¥ co

T [ Ke T | Ku | Ki h | Ka [h [KE il K i Ko

7 | *he " “hu "L “hi > *ha T “hE 9 “h < “ho

b ne b Nu Z ni q Na % nE 7 n q no

T | Ne T | Nu L[ Ni g | Na [T |[NE [ N & No

A | e IS “u A, " A "“a hs AE h A A "o

n | Ke - Ku n ki n Ka n kE n k n ko

@ | We @. Wu ? wi P Wa b wE - w » wo

0 ‘e o~ 'u A, ‘i % ‘a % 'E 0 ) 2 ‘o

" Ze H- Zu I zi H Za I, zE H z H zo
" Ze W Zu LN Zi M Za " ZE A Z " Zo

| Ye £ Yu & yi U Ya f yE £ y P yo

L | De & Du A di 5 Da 2 dE & d A do

2 e 5 | & | E 1) [B E _[& j 2 jo

7 Ge * Gu 2 gi 2 Ga (3 gE i g 7 go
m Te ar Tu . | Ti ) Ta M, TE T T m To
[488 Ce 485 Cu m, | G 8, | Ca (483 CE . & L5 Co

a Pe 2 Pu & Pi 2 Pa 2 PE & P 2 Po

i} "Se o "Su (A "Si 9 "Sa ;- "“SE i} ) P "So

a Se 2. Su A, Si 2 Sa 2 SE z S 2 So

4. | Fe 2 Fu 4 fi 4 Fa 4. fE & f & fo

T | Pe F Pu T pi J | Pa 13 pE T p 7 po
A, IWa aq. mWa = I “sWa | q, sWa q, xWa | ® qWe i qWi
2 [qWa |2 |[qWE [+ [qW [%F [Qwa | € [QWE | # QW |4 vWa
S cWa I “hWi ™ "hwWa | "hWE | “hw | m, TWa | I pWa
e [ kwi [ | kwa n [kwE |t | kw e [Kwi [T KWa | T KWE
T KW |H | 2Wa & |dWa |8 |jWa | = |gWe | ™ Wi |a 2Wa
b gWE | [ gW A |HWa | & [ rWa g: Qwe | 4, bWa | & tWa
o “hWe <. nWa g NWa | kWe "t Kwe | M ZWa | en, CWa
2. PWa 2, Swa 4, fWa ] H , H ; B :
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