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ABSTRACT

In the past years, the World Wide Web (www) has come to be a large source of user-generated
content and opinionated data. used by social media, such as YouTube, Facebook, organizational
websites, etc. Opinion mining focuses on the sentiment which may be positive, negative, and
neutral. Aspect-based sentiment analysis where particular aspects are extracted, sentiment
polarity of the aspects is determined. Sentimental analysis carries through in one of three different
levels namely, sentence, document, and aspect /feature. Among the three levels, aspect level
sentimental analysis is detail and complex but has a better advantage to meet customers and the
organization's needs. Comments written by customers have a huge advantage on the success of the
hotel. contrarily, it would be difficult for a hotel to manually analyze a numerous amount of
commented data to know whether a customer is satisfied or not. In this study, to alleviate this
problem, Aspect Based Sentimental Analysis Model through implementing machine learning
techniques is proposed. In this research, four Machine learning classification approaches are
used. these include Naive Bayesian, Logistic Regression, Support Vector Machine, and Gradient
Boosting which were experimented for building and evaluating the sentiment (polarity) model with
the extracted features based on the 2124 datasets collected from 10 /4otels’ social media pages as
well as their websites and annotated by Amharic linguistic expert. the cosine similarity technique
for extracting aspects (features) of the hotels is also used. The cross-validation method is known
for its skill in the less biased or less optimistic estimation over the previous simple train/split
approach. Dataset is partitioned into k equal-sized groups or folds, and each fold is treated as a
validation set, while the rest k-1 is used as a training set to fit the model. The 10-fold cross-
validation of the Gradient boosting model based on the countvetorizer+unigram+Trigram feature
with an accuracy of 92.8% and an f1-score of 95% has shown the best performance as compared
to SVM, NB, and LR models. Aspect based SA has evolved as an active research area that
dominates all the sciences in the world, so this research proposes aspect-based sentimental
analysis to predict the aspect (like food, ambiance, drink, price) and polarity (+ve, -ve or neutral)
by gathering data from Facebook pages and websites. Due to a shortage of time stemmer is not

apply, so we recommend for the others researchers to apply stemmer.

Keywords: Machine learning, Hotel Service, social media, Sentiment Analysis, Feature

Extraction, Aspect
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CHAPTER ONE

INTRODUCTION
1.1. Background of the study

Social communication is an internet-based application that creates the ideological and innovative
basis for Web 2.0 and permits user-created content to be delivered and exchanged(Kaplan &
Haenlein, 2010). Sentimental analysis is a modern and evolving field of research that uses Data
Mining and Natural Language Processing techniques to extract information and discover text
knowledge, so the goal of OM is to make the machine able to recognize and express feelings. A
feeling, opinion, or attitude based on emotion is called sentiment(Khan et al., 2009).

Business companies spend too much fee on customer feelings and views about their goods through
consultants and surveys. Similarly, other views regarding goods, services, issues, and events are
of interest to individuals to find the best choices (Khan et al., 2009). Many people can quickly
interact and reflect thoughts and felling on topics placed on social media, but it is difficult to extract
well-structured knowledge from a higher number of social network feelings. We should design

and deploy automated sentiment analysis to tackle this type of problem.

Sentiment analysis is generally applied for analyzing reviews like movie reviews, customer
product reviews on social media for the desire of determining the attitude and sentiments of the
writer/opinion holder concerning some topics(Mebrahtu Tadesse, 2018). It determines the
subjectivity whether the opinion is subjective or objective and uses automated tools to figure out

the subjective expressions of opinion holders(Mebrahtu Tadesse, 2018).

People can post their opinions in different ways; some give general information while others
provide detail. And also some bounce from one product feature to another with only a brief
description while others elaborate on certain features(TULU TILAHUN, 2013). According
to(TULU TILAHUN, 2013), These factors have particular importance during the classification of
the text orientation as, positive or negative, Two or more sentences may refer to the same or
different features. Similarly, depending on the user's interest one sentence can express many
opinions within it. Accordingly, there are three stages of opinion mining: sentence level, document

level, and feature level opinion mining.
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According to(TULU TILAHUN, 2013), Sentence level sentimental analysis polarity
determination is at the sentence level towards the target object, there are two main tasks in
sentence-level opinion mining. The first is subjectivity classification which classifies the given
sentence either as subjective or objective and the second is sentiment determination which
determines the sentiment of the subjective (positive or negative). For example, “ev 14 @CP 10~/
This is a beautiful gold”, this sentence is classified as subjective, and its sentiment is determined

as positive.

According to(TULU TILAHUN, 2013), The author focused on classifying the document based on
the overall opinion expressed by the user or customer. All the user*s review sentences are
considered. For instant, “#72 eon.§ 1@-:: 11C 7 &7t ea@-9° /1t is a beautiful car. However, its
speed is poor”. The primary sentence is positive whereas the second one is negative while the
resultant polarity is neutral. According to(TULU TILAHUN, 2013), the mining opinion at the
aspect level first defines the detailed objectives on which sentiment has been expressed in a
sentence level and then decides whether the views are positive, negative, or neutral. Objects, and

their elements, attributes, and pieces, are the targets.

According to(TULU TILAHUN, 2013), An item, service, individual, organization, event, subject,
etc. may be an entity. An item review sentence, for example, defines product features that the
reviewer has written on and chooses whether the comments are positive or negative. For example,
T4 A100T LA B 1a. [The hotel has good service. For example, 74 A1010>t PAQL PEd 1AL
/The hotel has good service. The feature in this sentence is A10\94=t (Service) of the v-ta. (Hotel)
entity and the opinion is positive, 1?4 (Good). To make product changes, many real-life
applications need thorough analysis. Consumers need to know what components of the product
are liked and disliked. Both sentence and document-level opinion classification do not discover

detailed descriptions.
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1.2. Background of Hotel Industry

Hotel is the segment of the service industry that deals with visitor convenience or lodgings. there
are a variety of accommodation types used to describe services related to guest accommodation
like food, drink, price, ambiance. MoCT is getting prepared to dole out star evaluations to 200
hotels. According to MoCT hotels with at slightest 11 room service are qualified for grading. The
hotels moreover must pass checks for wellbeing, safety, and security, environmental services
prerequisites for squander administration, and have certified narrative prove of compliance.
Ethiopia has more than 600 hotels but most of them are placed in Addis Ababa, Hawassa, Bahir
Dar, Adama, and Mekele.

1.3.  Motivation of the study

The main motivations to investigate in this area came from two things: Firstly, Satisfying the needs
and wants of the customers manually are the main challenges in operating a hotel industry,
Secondly, Hotels in Ethiopia do not properly automate customer reviews which is crucial to
managing their services efficiently. Automatic sentiment mining can help any user of the web
including hotels to get access throughout the reviews by reducing time lost in reading information

and analyzing it.

1.4. Statement of the Problem

The recognition and classification of people’s opinions in plain content and from a variety of social
media are of key significance in various industries, government organizations, and services(Pang
& Lee, 2008; Schrauwen, 2010). For instance, in product improvement systems, producers of
specific products need consumers’ opinions and feelings towards the product they want to improve
their quality(Liu, 2012). Hence people’s opinions convey the positivity, negativity, and neutrality
of some products, and neutral, so Sentimental Analysis can be used for analyzing people’s opinions
and feelings about the product the producers want to improve its quality as per the need of the
users(Ravendra Ratan and Singh Jandail, 2014). The increased acceptance of these social sites
resulted in a huge collection of people’s opinions on the web in an unstructured manner(Liu, 2012).
Extracting useful content from these opinion sources becomes a challenging task and created a
new field of research called sentiment analysis (SA)(Ravendra Ratan and Singh Jandail, 2014).
Several sentiment analysis (SA) systems have been creating in a variety of languages using

different approaches such as English(Balijepalli, 2007; Esuli & Sebastiani, 2006; Kennedy &
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Inkpen, 2006), Chinese(Xu et al., 2009), French(Maurel et al., 2008), Ambharic(Selama
Gebremeskel, 2010), etc. But, as far as the knowledge of the researchers is concerned, there is no
Automatic sentimental analysis system was developed for the Amharic Language using Machine

learning at the Aspect (Feature) level.

Satisfying the feeling of the customers are the most challenges in working hotels. comment written
by the customers has a great advantage on the success of a hotel. 1t would be difficult for the hotels

to manually analyze a large amount of data to get it whether the customers are satisfied or not.

According to(Anderson et al., 1994; Yeung et al., 2002), the researcher shows that client
satisfaction has an impact on commerce results, and they concluded that client satisfaction
positively influences hotels benefit. most of the studies have explored the relationship between
client behavior designs. The satisfaction of client increase client loyalty impacts repurchase
intentions and lead to certain word-of-mouth(Kandampully & Suhartanto, 2000; Olorunniwo et
al., 2006; Soderlund, 1998).

1.5. Research Questions
This research set the following research question to examine the problem in the Aspect Based
SA Model.

RQ1: Which machine learning approach produces a better classification model for aspect-based
sentimental analysis?
RQ2: How to extract aspects/features from comments?

RQ3: Which Feature Extraction method produces a good result?

1.6. Objectives of the Study
1.6.1. General Objective
The general objective of this research is Aspect Based Sentimental Analysis Model for Hotel

services in Amharic Language using Machine Learning Techniques.

1.6.2. Specific Objectives

The specific objectives (building block) of this research work are:

= To Review different kinds of literature on sentiment analysis, techniques of sentiment

analysis, and the linguistic behaviors of Amharic languages.
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= To analyze the structure of Amharic statements.
= Toapply necessary ML algorithms to realize the proposed model in developing an Amharic
aspect-based sentiment analysis model.

= To test the proposed model.

1.7.  Scope and Limitations
1.7.1. Scope

The scope of this research is to predicting aspect-based sentimental analysis for hotel services in
Ambharic language using machine learning techniques. The research aimed to train the dataset on
SVM, NB. LR, and GB. From the cross-validation method, cross-validation using 10-fold is used
for model performance evaluation with different metrics. As there is no available corpus for the
language considered in this research, creating a new corpus is required, and data is gathered from
Facebook pages and the website from hotels.

1.7.2. Limitations
This research arises from two major limitations. The first limitation is due to the lack of standard
Ambharic language stemmer tools, so this study did not apply these preprocessing methods. The

second limitation of this study is a shortage of time to prepare more datasets.

1.8.  Application of Results

Ambharic Opinion Mining model can be used for different Application purposes. Some of them are:

» The study has a huge value for the Hotels by taking user's reviews on the service they gave
for the organization to make efficient and effective decisions.

> It also provides input for predicting aspect-based Sentimental analysis for the Amharic
Language.

» The most beneficiaries of this study are users of the hotel.

1.9. Organization of the Study

This study is arranged into seven chapters in the following ways:

Chapter one discusses the background of the study, the motivation of the study, and the statement
of problems, the research questions that would be answered in the proposed solutions, the

objective of the study, the scope and limitation, and the application results of the study.
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Chapter two discusses literature reviews and related works. Under this section, we tried to
address an introduction of Sentimental analysis, a component of the sentimental analysis, level
of sentimental analysis, the approach of sentimental analysis, the background of the Amharic

language, and related works.

Chapter three deals with the research methodology used in this research work, which are methods
used to build the corpus, data collection method, hotel selecting criteria, dataset preparation,
dataset annotation, data preprocessing, machine learning classification technique, and Evaluation
technique.

Chapter four deals with the proposed solution for Aspect Based SA, proposed Architecture,

proposed Amharic text preprocessing algorithm and proposed feature extraction method.

Chapter five discusses the implementation and experimentation of the proposed solution. Including
data preprocessing implementation, feature extraction implementation, machine learning model

implementation, model testing/evaluation, and user interface

Chapter six discusses the result and discussion of the proposed solution. Including discussion of

ternary result, the model evaluation result, and normalization confusion matrix.

Chapter seven presents the conclusion and future work. Including the conclusion, contribution of

the research, and future work.
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CHAPTER TWO

LITERATURE REVIEW AND RELATED WORKS

2.1. Sentiment Analysis

In NLP, extracting relevant information from comprehensive text is a great idea. Factual
information extraction is part of an information retrieval process (IR). opinion analysis in the field
of computer science that explores techniques for evaluating people's sentiments, thoughts,
appraisals, and emotions of individuals. we are now focused on the advancement of the web and
opinion mining, since in Internet forums, discussion groups, blogs, videos, and social networking
sites, people can reflect their feeling. All these systems have a huge amount of useful data that we

are involved in collecting and analyzing.

2.2. Basic Components of Sentiment Analysis

Opinion holders, sentiment, and objects(entities) are basic components of opinion mining. An
opinion holder is either a person or organization that use a specific sentiment on a specific object
whereas a sentiment is a view, feeling of an object by an opinion holder as sentiment and an
attribute is an entity that may be a commodity, a person, an event, an organization, a subject, or
even an opinion that is evaluated by the opinion holder. Generally, there are two ways of
expressing a sentiment: direct opinions and comparative. Typically, direct opinions describe one
object and contain certain adjectives that refer to it. For instance, the touch-screen interface of
my mobile phone is good. This sentence consists of an entity “mobile phone” and an adjective
“good” which modifies the touch-screen interface of the mobile phone. More than one item is
listed in the comparative statements and some kind of relation is defined. For example, the touch-
screen interface of my mobile phone is much better than Fikadu mobile phone. The superlative
statements, on the contrary, address more than two items and explain an item's connection to the
remaining items. For example, the touch-screen interface of the fikadu phone is best when

compared to ours.
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2.3. Levels of Sentimental Analysis

Different researchers have focused on sentiment classifications using supervised learning and
unsupervised learning methods at different levels (document-level, sentence-level, and feature).
As presented in (Bhuiyan et al., 2009) Classifying opinions at the document or sentence level does
not tell precisely what the holder of the opinion likes and dislikes, But The feature-level, however,
explores ways of classifying each feature. The classification of feedback at the feature level,

however, is harder to do.

2.3.1. Sentence Level Sentimental Analysis
Sentence level Sentimental analysis is a decision of polarity against the target object at the sentence
level. There are two tasks in sentence-level Sentimental analysis: the first is the classification of
subjectivity that classifies the given sentence either as subjective or objective, and the second is
the determination of sentiment that decides the sentiment of the subjective sentence whether it is

+ve or -ve or neutral sentiment.

The researcher conducted (Jagtap & Pawar, 2013) machine learning approaches at sentence-level
polarity determination. This ML approach treats the problem of opinion classification as a problem
of topic-based classification. Any topic-based classification technique can be used, e.g. naive
Bayes, SVM, MEntrophy, etc. The authors use the [Naive Bayes, MEntophy, SVM] approach used
to classify movie reviews into two classes: positive and negative. The study compared naive Bayes,
Maximum Entropy, and SVM. It uses 700 positive reviews and 700 negative reviews were used.
The highest classification accuracy (82.9%) was achieved using SVM with cross-validation using
3-fold.
2.3.2. Document Level Sentimental Analysis

The aim here is to consider the overall opinion of an entire document. For instance, given a hotel
service review, the task is to determine whether sentiment is positive or negative or neutral opinion
ns about the hotel service. This level looks at the document as a distinct entity, thus it is not

extensible to multiple documents.
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2.3.3. Feature Level Sentimental Analysis
Sentiment classification is common at both document and sentence levels; the most comprehensive
research is aspect-level opinion mining. Commented aspects are identified, extract and the
sentiment toward this feature is determined. The goal of aspect-level classification aims to generate
a compilation of multiple reviews based on aspect-based opinions. It primarily has three-phase.
The first phase is to recognize and extract object aspects that have been commented on by the user.
The second phase is to determine the polarity of sentiment on aspect classes: +ve, -ve, and neutral,

and finally the third task is related to the group feature synonyms.

2.4. Common Approaches to Sentiment Analysis
Many research studies on sentiment mining have been achieved using various approaches. The
most successful approaches to opinion mining, depending on how rules are learned, are machine

learning, Rule-based, and hybrid approaches. Every approach is outlined in subsequent parts.

2.4.1. Rule-based Approach
To distinguish subjectivity, sentiment, or the subject of an opinion, a rule-based framework
typically uses a collection of human-crafted rules. Rule-based approaches incorporate different
natural processing like Stemming, tokenization, speech tagging, parsing, and Dictionaries (i.e.,
records of words and expressions). The rule-based method has been used to examine the text
sentence by sentence and extract the relationships that express feelings by using linguistic
awareness of sentimental terms and heuristic rules relevant to opinion as a hint for opinion
analysis(Wiebe et al., 2004). The interpretation of the text in the development of the sentiment
lexicon is based on the words in the lexicon that have been given unique characteristics that mark
positive or negative or neutral feelings. Most of the words are verbs and adjectives but also some

common nouns and adverbs.

Hu and Liu(Hu & Liu, 2004) authors develop a lexicon-based technique to use the opinion mission
term in the opinion mining task. They dealt with product reviews from Websites to create a report
of +ve, -ve, or neutral statements made about product features. They categorized aspects like
camera size, image quality, etc. by selecting the frequent term, assuming that people often use the
same words to determine features. Then they identified opinion sentences and their orientation.

according to them, an opinion sentence is a sentence that contains both features.
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Here's a simple example of how a rule-based method works:

I Defines two polarized word lists (e.g., negative terms such as eoe, 0Ng° 2P, AQPLT,
etc and +ve words such as 14, 9°CT, #7Z, etc).

ii. Compute the number of terms that are +ve and -ve in a given text that appears

iii. If the number of positive term occurrences is greater than the number of negative term
occurrences, the proposed system returns a positive opinion and vice versa. If the

numbers are even, the proposed system will return a neutral opinion.

2.4.2. Machine Learning Approach
Automatic approaches do not rely on manually designed rules, however on machine learning
techniques, compared to rule-based methods. A technique of machine learning using unsupervised
or/and supervised learning to construct a model from a huge dataset. Classification is a method in
which a model learns to identify and define significant groups of data and training a data label set
to predict discrete class labels on new samples. According to (Anderson et al., 1994; Mowlaei et
al., 2020) commonly used algorithms for machine learning sentiment classification are Naive
Bayes (NB) classification, maximum entropy (ME) classification, and SVM classification. The
experimental results produced through the techniques of machine learning are very good. NB tends
to work the worst in terms of relative efficiency, and SVM tends to work the best, even though the
differences are not very significant. Although techniques of machine learning have been found to
produce good results. The collection of such a training set is challenging, as the collection and
human classification of the vast number of different features are involved. Typically, supervised
machine learning algorithms are corpus-based methods of classification to find patterns of co-

occurrence (e.g., frequency) of terms in the corpus to assess the feelings of words or phrases.

Work in(Pang et al., 2002) also tested multiple supervised machine learning methods for movie
review sentiment classification and concluded that machine learning techniques outperform the
system based on human-tagged characteristics, although none of the current methods could
manage the classification of sentiment with acceptable accuracy. In this research, our emphasis is
on the classification of the aspect-level sentiment using a supervised machine learning approach

for Amharic opinionated text in the area of sentiments in social media content.
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2.4.3. Hybrid Approach

Hybrid systems incorporate into one method the desirable elements of rule-based and automated
techniques. The huge benefit of these techniques is that the result is always more precise. For
example, According to (Hovy, 2006) both rule-based and statistical methods were integrated into
the work They proposed a methodology that could classify opinion holders and opinion topics.
They performed two tasks to achieve their goal: first, using FrameNet data, they collected opinion
words and related frames. Then, to mark semantic parts in a sentence, they applied a statistical
approach. Their experimental outcome reveals that their system performs much better than the
baseline.

2.5. Background of Amharic Language

Ethiopia is a linguistically diverse nation above 80 languages are used. In Ethiopia, numerous
languages are spoken, Amharic language is one of the dominant because a significant part of the
population speaks it as a mother tongue and is the second language most commonly learned
throughout the country. The Language is the working language of the country's federal
government. From the Ge'ez writing script, the present Amharic writing system has been adopted.

Ge'ez, which belongs to the Semitic language class.

The repetition in the number of symbols with the same accent is a distinct outcome of Ge'ez's
growth. For example, the three different v, , and 4 symbols are used interchangeably in text
written in Amharic although they gave different meanings to words in the Ge’ez language.
Likewise, both w and a have the same accent (/s/), both 8 and & (/s’/), and both A and o (/a/). This

redundancy has been recognized in(Haile, 1967) as a problem of the language.

2.6.  The Amharic Writing System

The Ethiopic writing system, which the Amharic language uses, consists of a core of thirty-three
characters (.24, Fidel) each of which occurs in one basic form and six other forms all known as
orders. The seven orders (the first basic order and the other six orders) of the Ethiopic script
represent the different sounds of a consonant-vowel combination (a characterization known as
syllabic). The 33 core characters then yield 231 distinct symbols. In addition to the 231 characters,

others include special features usually describing labialization, the script of the Amharic language
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is phonetic (?£9°6 A@M+), and it has 32 consonants and 7 vowels. Each symbol represents a
consonant together with its vowel. The vowels are combined to the consonant shape within the
frame of diacritic markings. The diacritic markings are strokes attached to the base characters to
change their order (e.g. the first order ‘le’ A is transformed into the second-order symbol lu “&” by
attaching “.” to it; the same first order is transformed into the fifth-order symbol lai(as inlaid) “4.”
by attaching “.” to it, and so on).

2.7. Punctuation

In the Amharic language, there are about 17 punctuation marks like a colon (: Hulet netib) are
word delimiters. The equivalent of a full stop is four dots arranged in a square pattern (: arat netib).
Some others include equivalents for the comma (: netela serez) and the semi-colon (: dirib serez),
as well as a number of the borrowed symbols (?!, <,”, <, /, \, etc.). The word delimiter (two dots) is
mostly used in handwritten text. Space is being utilized as a word separator instead. The sentence
delimiter (full stop) however, continues to be used. Other punctuations as comma, colon, and semi-
colon are used where appropriate.

2.8.  Numbers

Numbers in Amharic consist of single characters for one to ten, for multiples of ten (twenty to
ninety), hundred, and thousand. The number in the Amharic language is derived from Greek
letters. Example AT oot AAQ A785

1 2 3 4 5 6 7 8 9 10

l
) a8

104
lov]
17
1Q]
ey
03]
1]
=

Q)

2.9. Characteristics of the Amharic Writing System

The different symbols with similar accents also pose a problem in making words appear different
(not in meaning, but spelling.) Although in the Ge’ez language, these different symbols give each
word different meanings, in the Amharic language they have been used interchangeably(Bender,
M. L., Sydney W. Head, 1976; Haile, 1967). The class of symbols with the same sound falls into
two:

1. the same sound for the first and fourth-order alphabets.

2. different alphabets that share the same sound.
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The following belong to the class of the first type. Letters in the same row share the same sound.

1*' order 4™ order
v 4

ch <h

1 =

A A

0 <

Aat and avit, the symbols (letters) “a” and “»” have a similar sound and do not change the
meaning of the word, which is “fire”. Likewise, the two words “&4g” and “ahe”, “ave” and
“pue” all mean the same, “sun” although they are written differently (indicating alternate use of &

and e, and v and «h respectively).

2.10. Contextual Shifter (Negation)

Handing negation in the study of sentiment and emotion can be a significant concert. Negation is
key and must be treated carefully. A single negation can shift the sentiment of the entire sentence,
such as the expression "I like this car" and "I don't like this car,"” the two phrases considered by the
most largely used similarity measures to be quite similar, and only the negation word is the
difference. Negation, however, does not force the second sentence into the opposite polarity, so
there is a list of negations that can change the term's sentiment polarity from +ve to -ve and vice
versa that occurred before the word of sentiment. In Amharic language negation like ¢ “17(But),
A2L09°( Not), L.rr79® (Even so0), ALAJ°(Not).

2.11. Grammatical Rules of Amharic
Word Series: The Amharic language follows the grammatical pattern of the subject-object-verb
as in opposition to, for example, the English language that has an SVO word sequence. For

example, the Amharic equivalent of "yordanos ate bread" is written as "¢-c4$h (yordanos)
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4n(dabo/bread) na(bala/ate).” The speech tags of individual words are used here as inputs to verify

grammatical validity.
Sentences in Amharic

An Ambharic sentence is collected of NP and VP. NP comes first, then VP follows, about their
order in a given sentence. A sentence is several words organized formally. In Amharic, a noun
sentence is a phrase with a noun as its starting word. An example of NP in Amharic is 4704 v-A+
A9 124 because the starting term AzNa/Lion is a noun. In a sentence, a verb means action or the
state of being of something. In ha epan-E7 ANZ, for instance, the word " aoab-E7 “means that the
window has been shattered by ha in ha 1,08 tr1, the word " 198 U1 " indicates the state of being,

i.e., the individual called ha has become a merchant.

2.12. Amharic Phrases
A phrase is a structure in a language that is constructed from one or more words in the language.
In Amharic, phrases are categorized into five categories, namely noun phrase, verb phrase,

adjectival phrase, adverbial phrase, and prepositional phrase(Baye Ymam, 2002).

Noun Phrases (NP)

An NP is a syntactic unit where a noun or a pronoun is the head (H). It can be easy or intricate. A
single noun or pronoun is the easy NP, such as ad- (he), a4, (she), A'td(they), etc. A composite NP
may incorporate a noun (called the head) and other components (such as specifiers, adverbial and
adjectival modifiers) that change the head from various components(Baye Ymam, 2002). For
instance, A75 A& #7278 (A hdAIAU-

Note that, an NP can be also constructed from another different possible combination.

Adjectival Phrases (AP)

The construction of an Amharic adjectival phrase is similar to that of a noun and verb phrase. It
can be composed of an adjective (head), and other constituents such as complements, modifiers,

and specifiers(Baye Ymam, 2002). For instance, ferh.@- P, ANg° @-L 10(::

The AP can be obtained from nouns and verbs (Baye Ymam, 2002). Adjectival noun phrases are
phrases that are constructed from nouns and called adjectival phrases. The AP can also be derived
from verbs called adjectival verb phrases. A0vkC A28 ha 09990, AF-AL. In this example, A7£ 1A
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09790, 2348 is an adjectival phrase, its headword is the adjective Ag-ag/"etalay derived from the
verb hdan/etalele.

2.13. Related Works

This chapter briefly reviews some of the Aspect level Sentimental Analysis for both English and
Local languages. In this review, we are going to see the employed approaches, domain, target
language, corpus source, procedures, experimental results, and performance are the main

emphasize points to be given focused when going through the different works.

According to (Mei et al., 2007), the key points of the mining feature level opinion were drawn up
by the researcher. To the analysis of the feature level opinion, according to the researcher, first
determines the goals for which sentiment has been expressed in a sentence and then decides
whether the sentiment is +ve, -ve, or neutral. The researchers' goals were: objects, components,
features, and characteristics on which the reviewer commented and determined whether the
comments were positive or negative. This paperwork is on the latest issue of simultaneously
forming subtopics and sentiments in Weblogs. It describes the problem of Topic-opinion mining
(TOM) and proposes a probabilistic mixture model called Topic opinion Mixture (TOM) in a series

of blog articles to extract multiple subtopics and opinions.

According to (Tripathi & S, 2015), sentiment analysis has arisen as a common and efficient
technique for information extraction and data analysis. The quick development of user-created
content has opened up modern skylines for investigation within the field of sentiment analysis this
paper uses a combination of NLP and machine learning approaches to propose a model for
sentiment analysis (including 2000 film reviews) of film reviews. First, on the dataset, various data
pre-processing schemes are implemented. Secondly, in combination with various variable
selection schemes, the behavior of two classifiers techniques, NB and SVM, is examen to get the
results for sentiment analysis. Thirdly, the proposed demonstration for opinion analysis is
expanded to get the comes about for higher-order n-grams. The result shows that the TF-IDF
scheme obtains maximum accuracy for linear SVM. The term, occurrence gives maximum
accuracy for the Naive Bayes classifier. 84.75% accuracy acquire from unigrams and Linear SVM
with the TF-IDF scheme.
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According to(Kumar et al., 2016), sentiment mining is an encouraging research area of data mining
used to extract precious knowledge from the huge volume of users™ remarks, reviews, and
feedback on any topic or product and event. According to this research using ontologies for
evaluating customer feedback about the performance of the product and the extraction of the
product's performance feature is a significant task of review analysis and summarization. The
proposed approach provides a new Score Calculation Algorithm (SCA) based method for score
calculation computed on various features from the customer opinions. It is based on three special
stages: (i) feature identification, (ii) a new SCA-based method for score calculation computed on
various features in the customer opinions (iii) compile and display the features along with
appropriate score values in the order of document-based. Firstly, identify the features was based
on the ontology-based aspect identification method. Secondly calculated the TF-IDF values of
each feature and evaluate, score values for each feature. Finally, this system ranked the features
on the origin of their score rates. The methodology was implemented and tested in the canon digital
camera feedback dataset. The performance exhibit result shows that the average accuracy of the

correctly classified feature was found to be 81.11%.

According to(Varghese & Jayasree, 2013), Opinion analysis involves the method of distinguishing
the polarity of opinionated texts. Lots of social network sites are being used for expressing thoughts
and opinions by users to rate products. This user opinionated text is highly unstructured and thus
involves the application of various natural language processing techniques. In feature-based
sentiment analysis, the various aspect of a product is identified through the training process. The
quantitative reasoning of each feature is done using an SVM classifier. In most of the earlier works,
a product review is analyzed as an entire rather than considering each aspect of it. feature-based
sentimental analysis is challenging because the extraction of individual features is in itself a
tedious task. The system which also uses coreference resolution produces results with an average
accuracy rate of 77.98%.

According to(Saritha & Nayak, 2019), opinion mining is extremely helpful in social network
monitoring as it enables us to pick up an outline of the more extensive popular sentiment behind
certain topics. People share their opinions on products and services through social network
applications such as blogs, Facebook, Twitter, and Instagram, etc. These online reviews provide
new customers with a sense that the particular business is genuine and provides a real product or

service. Sentiment analysis focuses on the opinions which may be positive or negative. Sentiment
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analysis based on feature-based, particular aspects are extracted and opinion polarity of the aspects
is determined. The proposed model is analyzed using a reference dataset of mobile comments
collected from Amazon. Authors use different machine learning techniques such as Support vector
machine, Naive Bayes for the classification of human opinion, and Evaluation parameters such as
precision, recall, F-score, and accuracy are used to assess the performance of a classifier. The
Accuracy using SVM is 88.43 and NB is 84.61.

According to(Tamrakar et al., 2020), authors propose feature-based sentiment analysis to help in
understanding the opinion of the related entities helping for a better quality of service. A model is
developed to detect the aspect-based sentiment in Nepali text using Machine Learning (ML)
classifier algorithms namely Support Vector Machine and Naive Bayes. The system collects
Nepali text data from various websites and Part of Speech tagging is applied to extract the desired
features of aspect and sentiment. Manual labeling is done for each sentence to identify the
sentiment of the sentence. TF-IDF is applied to compute the importance of the words. The feature
vectors thus produced are then applied to the Classifier algorithms to predict and classify the

sentence. The accuracy obtained by the SVM classifier is 76.8% whereas Bernoulli NB is 77.5%

According to(Devi et al., 2016), In this modern era of globalization, e-commerce has become one
of the most convenient ways to shop. Every day people buy many products online and post their
reviews about the product which they have used. Even so, it would be a difficult task to manually
analyze. This problem can be alleviated by an automated system called 'Sentiment Analysis and
Opinion Mining' that can analyze and extract the users' perceptions in the whole review. In this
work, they developed a comprehensive process of 'Aspect based opinion mining' by using Support
Vector Machine in a novel approach. It is proved to be one of the ultimate good ways to analyze
and extract the overall users' view about the particular feature and whole product as well. The

accuracy by using SVM is 90.85%.

According to(Mowlaei et al., 2020), Reviews posted on commerce websites have been a significant
source of information for customers as well as companies. Text sentiment analysis approaches aim
to detect the sentiments of written reviews to obtain a deeper understanding of public opinion
towards entities. opinion mining at aspect-based deals with an occupying opinion expressed about

each feature of entities. A known approach in opinion mining problems is to take advantage of
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lexicons to produce a feature for the classification of reviews. aspect-based techniques fail to adapt
properly common dictionaries to the conditions of aspect-based corpus which comes about in
reduced performance. To address this issue this paper proposes expansions of two vocabulary
generation strategies for feature-based issues; one utilizing statistical strategies, and another
employing a genetic algorithm displayed in our previous works. To classify the features in reviews,
the previous lexicons are then combined with important static lexicons; this best our previous work
based on t-test results (p-value of < 0.001). Experimental findings show that the proposed
methodology outperforms baseline approaches on Bing Liu's consumer review datasets in aspect-
based sentiment classification and increases recall, precision, and F-score by 1.0, 6.0, and 7.4

percentage respectively.

According to(TULU TILAHUN, 2013), The author proposes a sentiment analysis at the aspect-
level model for the Amharic language by employing manually crafted rules and lexicon. The model
proposed includes five major parts that can extract features, determine opinion words regarding
identified features with their semantic orientation, aggregate multiple opinions, and generate a
structured summary. Two experiments have been conducted for feature extraction and opinion
word determination by using 484 reviews from three different domains. The first experiment
indicated that an average precision of 95.2% and recall of 26.1% were achieved in the feature's
extraction and an average precision of 78.1% and recall of 66.8% were achieved in the
determination of opinion words. The precision of the second experiment in features extraction gets
lower by 15.4% because the precision of opinion word determination gets higher by 1.9% and the
recall of both features extraction and opinion word determination gets higher by 7.8% and 25.9%
respectively when compared to the first experiment. Thus, our experimental results demonstrate

the effectiveness of the techniques we have applied.

According to (MELESE MIHRET, 2017), The researcher works on feature a level opinion mining
model for the Awngi language using Machine learning. the author has used three classification
techniques namely, Maximum Entropy, Naive Bayesian, and SVM for building the model and they
used precision, recall, f-score, and accuracy for evaluating the model experiments, the author used
unigram words as features, because no more bigram words as features and customized manually
crafted rules as a feature selector and a simple bag of the word as a feature extractor achieved the

best result. The outcome produced via the machine learning approach is promising. As the result
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of the experiment shows, the NB classifier algorithm achieved an average accuracy of 75%, 70%

accuracy for MxEn, and outperforms 79 % of SVM performances were obtained. Hence, the SVM

algorithm outperforms those of NB and MxEn. The author further recommended research to be

conducted on sentiment analysis by provided the availability of standardized text corpus and POS

Tagger.

The related works that can be examined and discussed above were summarized based on the

following features, such as the name of the author, objective, techniques, and algorithms used,

Corpus, and Target languages to conduct the study.

Table 1.1: The Previous Research Thesis for Aspect Level SA

Researcher Objective Approach Algorithm Features | Corpus Target
Name Language
Qiaozhu Topic Unified = Expectation- | Unigram, | Weblog English
Mei Sentiment | probabilistic Maximizatio Bag of dataset
XU Li Mixture: approach n algorithm. agdo atasets
uting Modeling = Baum-Welch | WO'®
Matthew Facets and algorithm.
Wondra Opinions in = Viterbi
weblogs algorithm.
Hang Su
ChengXiang
Zhai
Gautami Feature NLP + ML NB & SVM, TF-IDF, | (Polarity | English
Tripathi Selection and | approaches N-grams | dataset
Classification
Naganna S Approach For V2.0)
SA
Kumar, A Customer score Score Calculation | TF-IDF canon English
Nayaki, A P Feedba_ck calculation Algorithm digital
Evaluation camera
Devi, M System Using

Feature-Based
oM
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Raisa Aspect Based Machine SVM Part-Of- | Amazon English
Varghese Sentiment Learning Speech dataset
Analysis tagging (digital
Jayasree M using SVM camera)
B Sarithal | Aspect Based Machine SVM and NB POS Amazon English
] . Sentiment Learning Tagging, | (movie
arlllmenf(oy Analysis TF-IDF review)
aya using NB &
SVM
Sujan Aspect Based SVM and NB Part of Nepali Nepali
Tamrakar, | Sentiment Machin Speech | websites
Bal Krigpna | ANalYsis OF X\ a‘in!ne (POS)
a B :S a Nepali Text earning
al, Using SVM
Rajendra | and NB
Bahadur
Thapa
DV A Feature- Machine SVM POS Collected | English
Nagarjuna Based Learning Tagging from
Devi, Approach for _
. Sentiment companie
Chinta ]
Kishore Analysis by s like HP,
Kumar, Using SVM APPLE,
Siriki etc
Prasad
Mohammad | Aspect-based Machine Genetic PoS-tags | Dataset English
Erfan sentiment Learning Algorithm of
Mowlaei, | analysis using
i restaurant
Mohammad adaptk;ve q ]
Saniee aspect-base reviews
lexicons
Abadeh
Tulu Opinion Rule-Based | Lexicon PoS-tags | Manually
Tilahun Mining from | Approach
- collected
Hailu Ambharic Blog N-grams
from Ambharic
hospital,
hotel.
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Melese Sentiment Machine SVM, NB, MxEn POS Manually Awngi
Mihret Analysis Learning Tagging, | oijected
Model for TF-IDF
Opinionated from
Awngi Text Awngine
wspaper
My Develop Machine NB, LR, SVM, POS Hotel Ambharic
Research | feature/aspect | Learning+ and GB [for Tagging, from
level Cosine opinion analysis] | Ngram, _
Sentiment Similarity And and | theirown
models C05|fner 5|mllelr|ty IDF,Cou .
e[zx(irai?i)gﬁ] ntvecctor | e
izer site, and
manual
collection
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CHAPTER THREE

METHODOLOGY
3.1. Research Methodologies

In this chapter, we have gone through a research methodology for creating a dataset as well as
strategies for achieving research goals and answering the research question. The methodology used
in conducting the study on Aspect Based Sentimental Analysis for the Amharic language is

explained and justified in the following section.

3.2.  Building a Corpus

This research aims to detect Amharic Aspect-based SA. As a result, it would need to build a new
Ambharic Aspect-based Sentimental analysis dataset. There are three key phases in the process of
creating the dataset for Amharic Aspect-based Sentimental analysis.

1. Collecting textual data (comment) from public social media.
2. Collected data is prepared, filtered, or consolidated into a single file dataset.
3. Annotating the results.

3.2.1. Data Collection
Social network users usually access services using web-based innovations on desktops, mobile,
and laptops. There are numerous types of social media like Facebook, Twitch, YouTube, Instagram
which may be a popular social networking site that permits registered users to set up profiles,
release photos, and audio, send a message and keep in touch with companions, family, and
colleagues. Facebook has been chosen from other social network platforms because of the ubiquity
of the platform, The build and look of the site are very attractive which gives the user a more
prevalent interface to work on. And according to Internet Users Statistics in 2020 for Africa,
Facebook had 6,745,000 clients in Ethiopia in January 2020, which accounted for 5.3% of its
whole populace(Africa Internet Users, 2021 Population and Facebook Statistics, n.d.). The study

collects reviews from a Facebook public page using Face pager.

22| Page



This research aimed to develop text-based classification methods for hotel reviews. People read
reviews to see if previous guests were pleased with their hotel reservations in the digital age that
we live in. Before making a hotel room reservation, users go online to read the business's reviews
to learn more about the hotel's accommodations, to get a sense of how clean the rooms are, to learn
about the amenities, security, and food options, and ultimately, people read reviews to see if

previous guests were satisfied with their hotel reservations.

To collect the comments, a list of Hotels in Ethiopia is considered, based on the content of service
that gives to the customer and social media (Facebook pages followers and website). Because the
study aims to have a diverse source of the hotel and have a representative dataset. Social media
(The hotel should have a social media site like Facebook, website), and the number of followers
and likes (Each hotel's social media has a high follower and like rate) is considered. Ethiopia has
more than 600 hotels, however, most of them are placed in Addis Ababa, Hawassa, Bahir Dar,
Adama, and Mekele. most of the hotels in Ethiopia have their own social media site to get customer
reviews, but analyzing customer reviews is a tedious task because of manually analyzing, so this

research focuses on analyzing customer feedback in an automotive way.

3.2.2. Method of Data Collection

Data is the foremost profitable asset today’s businesses have. The more data regarding your
customers, the superior you'll be able to get their wants and needs. data collection methods are
categorized into primary and secondary data gathering. The data accumulated by gathering primary
data methods are particular to the research’s rationale. Primary data collection strategies can be
isolated into two-stage: quantitative method (which is numeric and gquantifiable) and qualitative
methods (which is expressive, instead of numeric). Besides, data regarding customer opinions
about hotels are collected by using Face-pager tools which are software useful to collect primary
data.

3.2.3. Hotel Selecting Criteria
To select hotels and to determine features there is an inclusion criterion like service provided by
hotels (Value for money, Location, Local experience, Cleanliness, etc.), and the hotel should have
social media site and the number of followers has significant value for selecting a hotel (>=12000

site follower selected).

23| Page



The hotels that are selected for this research based on the above inclusion criteria are the following.

1. Capital Hotel and Spa, Addis Ababa
Capital Lodging and Spa is a 5-Star Lodgings within the provincial capital Addis Ababa-Ethiopia.

the hotel has rich conference rooms; luxury housing; premium feasting rooms; a dedicated sports
Bar; fine restaurants; an authentic Ethiopian Cultural Restaurant nearby social music and dance
performance; a luxurious Spa, an Exercise center, and a swimming pool; and one kind Hotel and

Administration College.

Capital Hotel and Spa

Website Address https://capitalhotelandspa.com/

Social Media (Facebook | https://www.facebook.com/CapitalHotelandSpa

Address) Number of Followers | Number of Like

27,676 people follow this | 27,396 people like

2. Radisson Blu Hotel, Addis Ababa

Radisson Blu Hotel in Addis Ababa is centrally found inside Ethiopia's capital city-adjacent to the
United Nations area and 6 kilometers from Bole International Airport. The Radisson Blu Lodging,
Addis Ababa highlights 212 rooms for trade or relaxation travelers, total with free Wi-Fi and in-

room coffee and tea facilities.

Radisson Blu Hotel

Website Address https://www.radissonhotels.com/

Social Media (Facebook | https://www.facebook.com/RadissonHotels/

Address) Number of Followers | Number of Like

87,185 people follow this | 85,290 people like
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3. Hilton Hotel, Addis Ababa

Hilton hotel is located in Addis Ababa within the heart of Africa. Select from an assortment of
restaurants and bars in Hilton Addis Ababa, advertising remarkable menus, live amusement, and
romantic settings. Have an assembly in one of our advanced occasion spaces or catch up with work

within the trade center.

Hilton Hotel
Website Address http://addisababa.hilton.com/
Social Media (Facebook | https://www.facebook.com/HiltonAddisAbaba/
Address) Number of Followers | Number of Like
103,667 people followers | 103,288 people like

4. Sheraton Addis, a Luxury Collection Hotel, Addis Ababa

Found within the heart of the Ethiopian capital, Sheraton Addis, a Luxury Collection Hotel, Addis
Ababa sits on a peak overlooking the city, securely settled between the National Palace and the

prime minister's residence.

Sheraton Addis Hotel

Website Address http://www.sheratonaddis.com/

Social Media (Facebook | https://www.facebook.com/AddisSheraton/

Address) Number of Followers | Number of Like

21,599 people followers | 21,128 people like

5. Ethiopian Skylight Hotel

Ethiopian Skylight Hotel, claimed by Ethiopian Airlines, is the foremost lavish and the biggest
hotel in Ethiopia found at the heart of Africa's diplomatic center Addis Ababa, just six minutes

away from Bole International Airport.
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Ethiopian Skylight Hotel

Website Address https://www.ethiopianskylighthotel.com/

Social Media (Facebook | https://www.facebook.com/ethiopianskylighthotel/

Address) Number of Followers | Number of Like

24,368 people followers | 23,593 people like

6. ELGEL Hotel and Spa

Elgel Lodging and Spa offers the preeminent amenity and installment services to our visitors, so
they can first-hand encounter supreme splendor all through their remain. room sees are the
foremost noteworthy particularly at characteristic timberland side, it has a mind-blowing see of
the evergreen timberland with best arrive include. they have 52 rooms that are all prepared with

modern furniture and verandas.

ELGEL Hotel and Spa

Website Address https://elgelhotelandspa.com/

Social Media (Facebook | https://www.facebook.com/elgelhotelandspa/?ref=page_internal

Address) Number of Followers | Number of Like

16,133 people followers | 15,897 people like

7. HAILE HOTELS AND RESORTS

Haile Inns and Resorts are titled behind the Ethiopian myth long-distance runner Major Haile
Gebreselassie. His eminent state “it is Possible!”” has made Haile Inns & Resorts a reality and keeps
boosting the neighborliness industry over Ethiopia & East Africa. We yearn to be the benchmark

inborn inn chain engineer and administrator in East Africa by 2025.
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HAILE HOTELS AND RESORTS

Website Address https://www.hailehotelsandresorts.com

Social Media (Facebook | https://www.facebook.com/Hailehotelsandresorts/?ref=page_internal

Address) Number of Followers | Number of Like

123,999people followers | 121,676 people like

8. Harmony Hotel

Placed in Addis Ababa, Harmony Hotel is in the city center and near the airport. Edna Shopping
center and Selam City Shopping center are worth checking out on the off chance that shopping is
on the plan, whereas those wishing to involve the area’s common excellence can investigate
Solidarity. Park and Sheger Park. Besides 2 restaurants, this smoke-free inn includes a full-service
spa and an indoor pool, Free buffet breakfast is given, as well as free WIFI in open ranges, free
valet stopping, and a free air terminal shuttle. Additionally, a nightclub, 3 bars/, and a health club

are onsite.

Harmony Hotel

Website Address http://www.harmonyhotelethiopia.com/

Social Media (Facebook | https://www.facebook.com/HarmonyAddis/

Address) Number of Followers | Number of Like

12,060 people followers | 11,802 people like

9. Intercontinental Hotel, Addis Abeba

Intercontinental hotel located in Addis Ababa. specifically, in Kirkos; one of the city's most
prevalent districts. The lodging lies 0.5 Km from the city center and gives openness to critical town

offices.
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10. Planet International HOTEL Mekelle

Planet Hotel places you within the heart of Mek'ele, a 4-minute drive from Memorial for Martyred

Freedom Warriors and Loyalists and 7 minutes from Mekele College. Highlighted comforts
incorporate a 24-hour business center, complimentary daily papers within the campaign, and dry

cleaning/laundry administrations, and have a social network to connect with clients.

Total 2124 Data was collected using its Facebook and website from 10 selected hotels. the below
table shows the number of data collected from selected hotels.

Hotel Name Number of Data collected
Capital Hotel 220
Radisson Blu Hotel 200
Hilton Hotel 215
Skylight Hotel 209
Intercontinental Hotel 315
Haile hotel and Resort 250
Elgel Hotel and Spa 200
Harmony Hotel 233
Planet International HOTEL | 108
Sheraton Addis 174

Total 2124

Datapoint Distribution in a corpus

Meutral 583
Megative 594
Positive Ta4T
o 100 200 oo ac00 500 00 700

Datapoint
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3.3. Dataset Preparation

Following the data collection, a data processing process is carried out, which includes data
collection, cleaning, filtering, and consolidation into a single file or data table. Preparation methods
such as spreadsheet software (Microsoft Excel) were used in this procedure. Filtering and cleaning
the data is primarily used for the next step, which is the annotation of the comments in the dataset,
and then for predict an Amharic Aspect-based SA training model.

The following tasks are done to prepare the dataset for annotation:

» All non-Amharic and non-textual comments have been removed.
» Getting rid of all null, blank values, and whitespace.
» Combining data into a single dataset

3.4. Dataset Annotation

The annotation process in this case must label a comment and feature to create Aspect based SA
datasets. Three annotators participated in the labeling process. The annotator was selected from
the Social Sciences Faculty and Humanities of Amharic Language and Literature in woldia

university and Adiss Abeba university.

3.4.1. Annotation Guideline
A guideline was created and provided in Appendix | to make the annotation process transparent.
The annotation guidelines are also prepared by consulting Linguistic experts. Using this guideline,
the annotators label each comment into three different classes (+ve, -ve, and neutral, and also label

its feature/aspect).

3.4.2. Annotation Procedure
The dataset annotation procedure, which is primarily handled by the researchers, also includes
three additional annotators. Because of a lack of resources, primarily budget and time, the number
of annotators participating in the study was limited. The annotators were chosen based on their
ability to complete the mission and their knowledge of the Amharic language. All the annotators
have master's degrees in linguistic. The annotators were given a random subset of an equal number
of comments from the dataset to annotate. Three annotators were given the task of annotating the
same number of comments to determine the inter-rater agreement, which indicates how closely

their annotation decisions matched.
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Due to the challenging nature of the manual annotation process of Aspect Based SA datasets, the
annotators were allowed to annotate in their own time freely. However, for the annotation task to

be easier, we give brief insights into the annotation guidelines provided for labeling comments.

3.4.3. Inter Annotator Agreement

Inter annotator agreement assessment calculates the agreement of the dataset's human annotators
by measuring how similar the annotators labeled the dataset's comments and features. Cohen's
kappa was used to compute the intensity of agreement in the analysis. We told them to annotate
the same number of comments and aspects in the dataset, as well as a similar subset of them. To
compute the kappa using a dataset that has been annotated by all annotators. Cohen's Kappa value
ranges between 0 and 1. The following is the standard interpretation of Kappa values(“Cohen’s
Kappa Statistic - Statistics How To.”).

Cohen’s Kappa

According to (“Cohen’s Kappa Statistic - Statistics How To.”’), Cohen's kappa is an analytical
compute of rater similarity (sometimes called interobserver agreement). Interrater reliability, or
exactness, happens when your information raters (or collectors) allow similar esteem to the same
information item. In this research, three annotators participate and reliably use the criterion to
make the same assessment on the same targets, then their agreement going to be very high and

provide the evidence we have reliable ratings.

Table 1.2: Distributing Comment to Annotators

Annotator Name Annotated Data
Annotator 1 2124
Annotator 2 2124
Annotator 3 2124

The three annotators annotated the same data and analyzed it by using the Kappa statics tool, and

we get 0.78, which is substantial agreement.
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The Kappa statistic varies from 0 to 1, where.

o 0 =agreement equivalent to chance.

e 0.1-0.20 = slight agreement.

e 0.21 —0.40 = fair agreement.

e 0.41-0.60 = moderate agreement.

e 0.61-0.80 = substantial agreement.

e 0.81-0.99 = near perfect agreement

o 1= perfect agreement.

3.4.4. Dataset Annotation Result

Each annotator annotates 2124 data, and we decided on the final class using the majority votes

method. The annotator rater agreement for 2124 comments that receive annotation from three

annotators results in 0.78 Kappa. The kappa value interpretation indicates that a substantial

agreement between annotators.

Table 1.3: Sample inter-annotator agreement

1%t annotator

2"d annotator

3" annotator

No Comments polarity | aspect polarity | aspect polarity | aspect
1 | ¢ 0N T Ard1het pos AT | pos AT | pos A1\t
oo F @+ Av-(e9® (O
ANg° Foedt LAMA::
2 | emPPID7 AAT (oFPS0 neg 7o neg 7o neg 7o
haao oz
3 | P A0S, NG pos 7o pos 7o pos 7o
4 | At8LS P 1200 neg ANTELC | neg MTLC neg meeC
Y@<
5 OC-1GF To0(L GFm-: Pos 2 pos 2 pos O¢tG
6 | bk T4 L0 AMD-: Pos £a pos £a pos Pté
7 | SUBA POPE &P NG Pos heg pos heg pos heg
8 | P&C OT ANGS AR 1D Pos o911 pos o1 pos o1
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9 | 09 Ap@- heavtge: Neg go9) neg g neg 7o

10 | P9°90+ ACC-C neu 9o neu 9o neu 7o

11 | QLY & AAPPOT 9T | neu 1084 A neu 1084 A neu 8¢ 1A
Ll

According to (Hernik & Grinberga-Zalite, 2017), There are different features that hotels give like
Value for money, Location, Local experience: Cleanliness, SafeFree internet access: Service, but
For this research features that selected by questionaries like v-ta(Hotel), °9-0(food), eean(drink),
A1t (service), ahan(Ambience), 0-(Location), heg(Price), té-F(Quality).

Throughout this study, the word feature refers to the aspect or part of the Hotel. We manually
gathered features as POS taggers to see how many of them the algorithm can recognize. Identifying
aword as a feature may be difficult. The cosine Similarity Algorithm is used to evaluate the aspect
because of the use of cosine similarity, which is characterized by the comparison of similarity
among two vectors of an inner product space features in this analysis, but the frequency of features
is used to decide the best feature using the proposed algorithms. Then, to make the data suitable
for python within NLTK, feature transliteration was used to compare the applicability of machine
learning classification algorithms (LR, SVM, NB, and GB) are compared with the same data set

and categories.

3.5.  Aspect Based Sentimental Analysis Modeling

3.5.1. Data pre-processing in the Amharic language
Filtering out non-Amharic content was the first pre-processing phase performed on the collected
data. "This is often particularly important when dealing with "web" or "social media™ information.
It is obtained in raw format whenever the data is elicited from various sources, which is not
reasonable for study. Therefore, some steps are then taken to transfer the data into a small, clean

data set.

First, all the sentences in the data are tokenized to their words, and all the stop words are detached
from the training data as the next step. Stopwords are the widely used words in the language that
do not add any meaning that helps the process of text classification. The main preprocessing
measures that are used during the prediction of our model are removing numbers, accent marks,

whitespaces, and other diacritics. In the preprocessing step, the normalization of Amharic
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characters is also achieved. The normalization issue that we gave attention is the replacement of
homophonic characters with their common forms; , T and -1 are replaced with v, v with a, 0 with
A, and e with &, normalization of punctuation marks, different styles of punctuation marks exist in

texts from social media. For instance, double quotation marks, “::, ¥ « or » are available.

3.5.2.  Normalization
About punctuation marks, the normalization part of the preprocessing step handles the issue of
Ambharic text writing. The main function of the component is to replace the alphabets that have the
same pronunciation and use one of the alphabets. For instance, the letters v:chi1zh are represented
by letter v and its variants with all their respective variants.

3.5.3. Tokenization
Tokenization may be used to break the sentence of the query into an instance of the sequence of
characters that can be grouped for processing as an important semantic unit. During tokenization,
we chop on whitespaces, throw away punctuation characters and choose the correct token to use.
For instance, in the statement “ao-(q havd.aav- 14+ AaPhAhd APAS- PP &4 aP(1G LT AGTOP:”,
unlike human beings, a computer cannot spontaneously understand that the sentence has 10 words;
rather it understands the statement only as it has a sequence of 49 characters. Therefore, to convert
them into meaningful tokens, they have to be tokenized using certain Amharic language

tokenization criteria as:

a(G | havgaav- | 4 | AgehAhd | AR0¢- | PP | &l | PG ha07% anJoP

3.5.4. Stop-words removing
Stop words are words that do not use important meaning and are usually discarded from texts. It
is not possible to remove Amharic stop words using Natural Language Toolkit (NLTK), we
designed our own stop words because NLTK doesn't recognizes Amharic stop words. Stop word
in Amharic like 1@:P1r@L:GFO- @At INC +F A% ThA, T Ak IAICAH- EfC.
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3.6. Machine Learning Classification Algorithm

This research aims to use a machine learning approach for Aspect-based SA is categorized and
labeled datasets. For comparison and detection accuracy, we use a multiple supervised machine
learning algorithm. The algorithms were chosen for their high classification accuracy. However,
for this study, a supervised ML approach was used, which included developing a collection of
labeled training and test data sets for analysis tasks, which is required when using supervised

learning and having prior knowledge of the data.

Supervised learning

The availability of annotated training datasets is the distinguishing feature of supervised learning.
The name suggests a "supervision™ that directs the learning system on which labels to associate
with which training examples(Guarino, 1998). We choose an ML algorithm to train the function
mapping from the dependent to the independent variable using supervised learning as an input
variable (x) and an output variable ().

Y =f(X)

The aim is to approximate the function mapping to the point that we can predict the dependent
variable (Y) for new text input data (x).

I. Training

TAG

(Positive, Negative, Neutral )

Feature
extractor L [ 1 [ 1]

Features

Machine Learning
Algorithm

text
II. Prediction

Feature Classifier
L [ [ T T T 1
extractor ' 1 Model

Features

text

(Positive, Negative, Neutral )

Figure 1.1: Process in Training and prediction
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The following four machine learning algorithms are used to build Aspect based SA model.

Support Vector Machine (SVM)

According to(Maximum Margin Hyperplane - an Overview | ScienceDirect Topics, n.d.), SVM is
a supervised machine learning technique. The SVM algorithm distinguishes groups or data points
in feature space by finding a hyperplane in n-dimensional space. Hyperplanes are decision-making
boundaries that aid in data classification. The equation below depicts the form of a hyperplane for
a set of input points X in general.

wxx+b=0-

Where w is the hyperplane support vectors, b is the learning algorithm's intercept, and x is a fixed
input data point. For predicting a new input, the SVM classifier can be written as,

fw, b(x)= g (wx + b)

Here, then f(x) >0 for points on one side of the hyperplane, and f(x) Training data is used to create
a high-size space that can be divided into positive and negative instances using a hyperplane. The
location of new instances in space concerning the hyperplane is used to classify them. Support
vector machines find the maximum line that divides the training space into classes as far apart

from each other as possible.

Naive Bayes (NB)

Multinomial Bayesian classifier technique that assumes predictor independence and is based on
Bayes' Theorem. To put it another way, the NB classifier assumes that the existence of one feature
in a class has no bearing on the presence of any other feature. The Bayes' Theorem

equation(Harrington, 2012).

P(c|x) = P(x|c) / P(c)P(x)

Logistic Regression Algorithm

Logistic regression has a place in the family of classifiers known as exponential or log-linear
classifiers. Itis utilized to decide the yield or result when there is one or more than one independent

variable. The yield esteem can be in the shape of 0 or 1 i.e., in binary shape.

35| Page



Gradient Boosting Algorithm

One can subjectively indicate both the loss function and the base-learner models on demand. In
practice, given a few particular loss functions ¥ (y, f) and/or a custom base-learner h (x, 0), the
solution to the parameter estimates can be difficult to get. To deal with this, it was proposed to
select a new function h(x, 0t) to be the most parallel to the negative angle {gt(xi)}Ni = 1 along
with the observed data(Natekin & Knoll, 2013).

3.7. Cosine Similarity

According to(Bhattacharjee et al., 2015), Cosine similarity could be a metric utilized to decide
how similar the records are independent of their size. Mathematically, it computes the cosine of
the point between two vectors anticipated in a multi-dimensional space. The cosine similarity is
profitable since indeed on the off chance that the two similar documents are distance separated by
the Euclidean distance (due to the estimate of the document), the chance is they may still be
arranged closer together. The smaller the point, the higher the cosine similarity. In this research,
we applied a cosine similarity approach for supervised learning in aspect extraction. In the below
diagram, each Aspect and comment are represented as vectors, where each vector has the word

frequencies, and then, the cosine formula is applied as follows.

comment

Aspect

A-B
similarity(A B) = =
|All x| B]

Where the Aspect is represented by A, and the comment is represented by B.
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3.8. Evaluation

This research has been evaluated at various stages of the implementation of the Aspect based SA
model. After all, the evaluation addressed the findings and recommended a model for detecting
Ambharic Aspect-based SA.

3.8.1. Evaluation Techniques (Model Evaluation)
Each system should be tested with criteria that compare the number of reviews that are categorized
correctly or incorrectly classified. Typically, the comparison is done between the reviews
categorized by the proposed system and that of the manually labeled (categorized) reviews. System
evaluation is the method of deciding how well a system meets the information needs of its users

According to(Confusion Matrix for Machine Learning, n.d.), There are several available

performance metrics to measure the performance of a classifier.

Confusion matrix: It is a N*N matrix that is used to describe a classification model's
performance on a collection of the test set for which the actual values are known. The number of
occurrences associated with the actual class is represented in each row and each column shows the
number of occurrences associated with the predicted class or vice versa. So, this study uses a

normalized confusion matrix for three-class models (positive, negative, neutral).

The following four-parameter describe the overall activities to study to determine actual and

predicted results:

True Positives (TP) - This is one of the parameters used to correctly estimate positive values,

which indicates that yes is the value of the true class and yes is also the value of the expected class.

True Neqgatives (TN) - used to correctly estimate negative values, which indicate that the value

of the true class is no and value of the predicted class is also no (negative comments not classified

under positive for positive class and vice versa).

False Positives (FP) — are negative comments that are incorrectly identified as positive for

positive class and positive comments that we incorrectly classified as negatives for negative class.

(When true class is no and predicted class is yes).
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False Negatives (FN) — positive comments that are incorrectly not classified under positive

for positive class and negative comments that are incorrectly not classified under negative for
negative class.
Generally, evaluating the performance of the classifier is also made in terms of the different
confusion matrices (True Positive (TP), False Positive (FP), True Negative (TN), and False
Negative (FN).

Table 1.4: Confusion matrix of Ternary class

Predictive Value
Positive negative neutral
Actual Value | Positive True positive False Negative | False neutral
Negative False Positive True negative False neutral
neutral False Positive False Negative | True neutral

In table 1.4, True positive, True negative, and True neutral are the observations that are calculated
correctly. We want to decrease false positives, false negatives, and false neutral. Generally, using
the standard measurement metrics of precision, recall, F-score, and accuracy, the total positive and

negative, and neutral content is usually measured.
Accuracy: is a percentage of correctly predicted observations to the total observations.
Accuracy = TP+TN/TP+FP+FN+TN

Recall: is the rate of correctly estimated positive observations for all observations in true

class(yes).

Recall = TP/TP+FN

Precision: is the ratio of correctly calculated +ve observations to the total predicted +ve

observations.

Precision = TP/TP+FP
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F-Measure: F1 Score is the weighted average of Precision and Recall.

F1 Score = 2*(Recall * Precision) / (Recall + Precision)

To test the efficiency of the classifiers, these evaluation methods are usually used for this research.
Because the accurate estimation of the generalization error on the trained model and larger K make
low bias and highly accurate, this study used proposed cross-validation using 10-fold.
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CHAPTER FOUR

PROPOSED SOLUTION FOR ASPECT BASED SA
4.1. The proposed solution for Aspect Based SA for the Amharic Language

In this chapter, we briefly discuss the most important component and proposed a model for
sentiment analysis with opinionated Amharic text. The suggested model has the following
components: pre-processing, identifying features, polarity identifications, determining opinions
regarding identified frequent and infrequent features, extracting an opinion word. Also, the
proposed tools and algorithms are furthermore explored in this chapter.

4.2. The proposed Aspect Based SA Architecture

The proposed architecture is used to de detect Aspect-based SA, and the procedure starts by taking
Ambharic datasets as input and preprocesses them based on the language's existence, such as
punctuation removal, normalization, tokenization, stop word removal. After preprocessing is
finished, feature extraction is performed using the TF-IDF, Ngram, and POS tagger to extract
features. By using the Cosine Similarity Algorithm, we can detect the aspect/feature. Then the
supervised learning algorithms are applied to polarity detection to build a sentiment model from
the labeled training set. The succeeding task is the evaluation of the built model and the
performance status of the model. Any of the unique features which be chosen or created to be
applied to the matrix when constructing this model. The ML classifier is then trained with some

data and then checked with the remaining data to see how well it performs.
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4.3. Proposed Amharic Text Preprocessing
To preprocessing the Amharic comment for the model's training and testing. This preprocessing is
achieved using the Amharic language and simple text preprocessing techniques including

punctuation elimination (cleaning), normalization, tokenization, stop word removal.

4.3.1. Data Cleaning
Cleaning data is the main stage in any machine learning model, but it's particularly important in
NLP. Without the cleaning process, the dataset is often a jumble of words that the machine can't
decipher. Such kinds of data cleaning Irrelevant Character, Punctuations Symbol, and Emojis.

4.3.1.1.  Algorithm for Removing Irrelevant Characters
Input: Collected Amharic comments in a Corpus.

Output: Clean text
Start:

1. Read Collected Comments in a Corpus.

2. While (! end of the text in a corpus):
2.1. If the collected comment contains stopwords like [‘¢-,’A1HY’,’A5’] then

Remove stopwords

2.2. If the collected comment contains Symbols like [[<>o« »=:="~_/] then
Remove Symbols

2.3. If the collected comment contains Punctuation like [:: ¢ £ # :- t =] then
Remove Punctuation

2.4. If the collected comment contains special characters like [,’* @#$&%! ~] then
Remove special characters

2.5. If the collected comment contains English alphanumeric characters like[*a-zA-Z0-9]
then Remove English alphanumeric characters

2.6. If the collected comment contains geez_number like [6 € FEZEZ 28T A @
then Remove geez_number

2.7. If the collected comment contains emojis like [© &2...] then
Remove emojis

2.8. If the collected comment contains Unwanted space, then
Remove unwanted space

3. Return clean_text;

Stop
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4.3.2. Amharic Normalization Character
In the previous chapter from the Amharic language perspective, normalization was used to address
the redundancy issue in the Amharic language, where the same sound character had different
character forms. It's a way of changing words into a single type by using a character substitution
with a sound that's identical to a common character. The transformation of a character into a single

common representation does not affect its meaning.

4.3.2.1.  Algorithm for Normalization
Input: Collected Amharic comments in a Corpus.

Output: Normalized comment

Start:

1. Read Collected Comments in a Corpus.
2. While (! end of the text in a corpus):
2.1. If the collected comment contains Characters like [, "', "1','2", "', "1', "] then
Replace Respectively with ['v', 'v+',"Z', 'v', "8, 'V', 'V]
2.2. If the collected comment contains Characters like ['d', 'dv', 'dh, ‘', 'dh', ‘e, 'ch'] then
Replace Respectively with ['v', 'v+',"Z', 'v', "8, 'V', 'V]
2.3. If the collected comment contains Characters like ['&','a.", 'a., ‘&', ‘&', '&", '2] then
Replace Respectively with ['e','e~, 'V, '?, '%', '8', '#']
2.4. If the collected comment contains Characters like ['w','w< w1 w1 vy "' "] then
Replace Respectively with ['a')'a, 'a''a''a,'&’,'a’]
2.5. If the collected comment contains Characters like ['0', '0~, ‘4., '%', '%', 0, '#'] then
Replace Respectively with ['a', ‘&', 'A., 'A', '&', ‘&', 'A']

3. Return replaced text;

Stop

4.3.3. Tokenization
After the cleaning and normalization steps, the Tokenization process is used to break down
feedback text into individual words or tokens using spaces between words or punctuation marks.

This is relevant since the meaning of the text is often determined by the relationships between
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words in that text, and it helps feature extraction methods in extracting suitable features from the

dataset.

4.3.4. Stop-Words Removal
Stop words are terms that don't add much to a sentence's meaning. Without jeopardizing the

sentence's meaning, they can be safely ignored.

Input: list of words in the corpus
Output: list of words doesn't have a stop word
Variable: ListofStopwords[], ListOfRemovedStopWord][]

Start:

1. Read Collected Comments in a Corpus.
2. WHILE (list of words in the corpus):

2.1. IF list of words in the corpus not in ListOfStopwords: THEN
2.2. Append the word in ListOfRemovedStopWord

3. Return replaced ListOfRemovedStopWord
4. Stop

4.3.5. Part of Speech (POS) tagging:
Because there is no publicly available Amharic POS tagger for use, we use manual tagging with
the assistance of language professionals for each opinion to identify and extract aspects and
opinions from Ambharic text. Using this tagger, however, we were able to classify and label text.

To check morphological structure, we consulted a language professional.

POS tagged words are commonly used as features for supervised learning in sentiment
analysis(Prabowo & Thelwall, 2013). Adjectives (JJ), adverbs (RB), verbs (VB), and nouns (N)
were among the features chosen (NN). When treated as features in feature spaces, the combination
of adjectives, adverbs, and nouns performed better than individuals, as discussed in(Meng, 2012).
Because there is no publically (automatic) POS tagger for the Amharic language, we use nouns or
noun phrases for feature extraction as aspects of manually identifying nouns from opinion in this

study.
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4.4. Proposed Feature Extraction Methods

Techniques for minimizing redundant features and dimensionality were applied to feature
extraction methods based on state-of-the-art text mining. The methods include taking a subset of
specific features that can be utilized in the modeling of detection problems to aid in detecting from
a dataset. This method takes an input of data preprocessed and tokenized dataset words and
performs feature extraction. At that point, extracted features were utilized for training the models

and also to predict the class of comments as positive, negative, and neutral.

ﬁ){ TF-IDF j L
A 3

Preprocessed Data and Feature
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Figure 1.3: Figure Feature Extraction Flow Diagram

Hotel Datasets

vy

Since N-gram, TF-IDF, and POS tagger feature extraction are better and more common feature
extraction methods for text-based classification problems, they were used in this research. For
modeling Aspect based SA for Amharic, the following feature extraction methods are used.
TE-IDF

measure of a word's significance in a dataset, and it rises in proportion to the number of times the
word appears in the document. It computes weight for ranking, the features using term presence
and term frequency, and Term Frequency and Inverse document frequency.

N-Gram Feature Extraction

This research proposed a word N-gram feature extraction strategy tested on a distinctive value of
N that ranges from one to three. Where N is the number of words utilized within the likelihood
sequences. An n-gram of two words is called bigram (2-gram). They include extraction performed
by utilizing unigram (1), bigram (2), trigram (3), and combination n-grams. The execution of the
Ngram needs an appropriate choice of the 'n' value. Moreover, it gives a distinctive highlight

demonstrate to prepare and to comparing n-gram highlights to one another.
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Count Vectorizer

is utilized to change a group of text-based documents to a vector token count. It moreover enables
the pre-processing of text data before producing the vector representation. This usefulness makes
it a highly flexible highlight representation module for text.

Part of Speech (POS) tagging

POS tagged terms are often used as supervised learning features in sentiment analysis. Adjectives

(JJ), adverbs (RB), verbs (VB), and nouns (N) were among the features chosen (NN). because
there is no automated speech tagger for the Amharic language, we use nouns or noun phrases for

feature extraction as aspects of manually distinguishing nouns from sentiments.
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CHAPTER FIVE

IMPLEMENTATION AND EXPERIMENTATION

5.1. Implementation of the proposed solution

This Research follows an experimental Based approach to decide the finest combination of the

supervised machine learning algorithms and features extraction for the last models’ comparison.

5.2. Implementation Environment

This study utilized several development tools and bundles to implement the proposed solution and

the python programing language used for implementing and experimenting with each proposed

solution from the data preprocessing to the model building stage. Table 1.5 shows the list of tools

and python packages with their version and description which is used in this study.

Table 1.5: Some of the Tools and Python Package

Development Tools

Tools

Version

Description

Anaconda Navigator

4.9.2

A desktop user interface included in Anaconda®
conveyance permits you to dispatch applications and
effectively oversee conda bundles, environments, and

channels without utilizing command-line commands.

Colaboratory(Colab)

Permits anyone to write and execute arbitrary python code
and utilized in particularly well-suited to machine
learning, information examination, and instruction

Jupyter notebooks

6.0.1

The Jupyter Note pad is a non-proprietary software that
permits you to make and share reports that include live

code, conditions, visualizations, and story content.

Python

3.7.4

The Python programming language best fits machine
learning due to its independent platform's, vast features,
applicability, simplicity. and its popularity in the

programming community.
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Facepager

4.2.14

Enables you to collect public data from platforms on the
social web (such as Facebook, Twitter, or YouTube)
which these platforms make available through program
interfaces (APIs).

diagrams.net

14.6.5

Building diagramming applications, and the world's most
broadly utilized browser-based end-user diagramming
program

Microsoft Office

2016

helps simplify basic office tasks and improve work
productivity. Each application is designed to address
specific tasks, such as word accessing, data management,

making presentations, and organizing emails.

Phyton Package

Package Name

Version

Description

Scikit-learn

0.22.2

Most important library for machine learning in Python.
The sklearn library include different effective tools for
machine learning approach and factual modeling

including regression, classification.

pandas

0.25.1

Which is used for data cleaning and analysis. It has
features that are utilized for investigating, cleaning,

changing, and visualizing from information

NumPy

1.16.5

contains a multi-sized array and matrix data structures. It
can be utilized to perform several mathematical

operations on arrays

NLTK

3.4.5

Python programs that work with human dialect
information for applying in factual characteristic dialect

preparing
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Flask 111 a micro web framework is written in Python? It can
create a REST API that allows you to send data, and

receive a prediction as a response.

5.3. Data Preprocessing Implementation

To implement the Amharic Data preprocessing method, the study utilized python programming
language and modules. To perform the entire implementation of the methods, we perform the
following common activities, which are importing important libraries bundles and load the dataset
file to utilizing. The loaded dataset using panda is used throughout the whole implementation of
this study. The Amharic Data preprocessing method uses Python RegEXx (regular expression) to

create a search pattern and NLTK modules.

Loading dataset and show some datapoint in dataset(Read the Dataframe)

M df=pd.read_excel('C:\\Users\\yewe\\Final Msc Thesis Implementasion ABSA\\new dataset\\polarity.xlsx')
# import POS tag
data = pd.read excel('C:\\Users\\yewe\\Final Msc Thesis Implementasion ABSA\\new dataset\\postag.xlsx')
df .head()
my labels = ['positive', 'negative','neutral’]

Figure 1.4: Python Code for Load the Dataset

5.3.1. Implementation of Removing Irrelevant Characters
Before applying machine learning algorithms, data must be cleaned properly. we implement a
clean_text () method that performs removal and replaces the punctuation mark, special character,
alphanumeric, symbol, emojis, etc. a method is written using the Python re module. The code for

cleaning irrelevant characters is shown in Appendix J.

5.3.2. Implementation of Normalization of Amharic Character
Normalization is a way of changing words into a single type by using a character substitution with
a sound that's identical to a common character, we implement this method using Python with the

re module. The code for normalizing the Amharic characters is shown in Appendix K.
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5.3.3. Implementation of Tokenization
The tokenization process is used to break down feedback text into individual words or tokens using
spaces between words or punctuation marks. We used a python module NLTK.

Tokenized process

M def clean text(x):
words=[]
for sent in nltk.sent tokenize(x):
for word in nltk.word tokenize(sent):
if len(word)<2:
continue

words . append(word)

return words

Figure 1.5: Sample Code for Tokenization

5.3.4. Implementation Stop-Words Removal

Without jeopardizing the sentence's meaning, they can be safely ignored.

Implementing of Stoplord

M STOPWORDS = stopwords.words(r'C:\Users\yewe\AppData\Roaming\nltk data\corpora\stopwords\stopwordyo.txt")
def clean text(x):
x=" ".join([word for word in str(x).split() if word not in STOPWORDS])
df[ 'comment'] = df["comment'].apply(lambda x: clean text(x))
df.head()

Figure 1.6: Sample Code for Stop word
5.4. Feature Extraction Implementation
This method takes an input of data preprocessed and tokenized dataset words and performs feature

extraction. Because machine learning models work on numbers (vectors) instead of words to train

models.
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5.4.1. Implementation of Count Vectorize and N-gram

To work on count vectorizer this study used a Count Vectorizer class of sci-kit learns package.

This class is used to convert a given text into a vectorizer based on the frequency (count) of each

word that occurs in the entire text.

Word embedding and Transformation

"

# converting in to ML format (machine understandable using TFIDF)

tfidf = CountVectorizer(max_features=50008, ngram_range=(1,3),tokenizer=clean_text,analyzer="word")

X = df['comment’]

y = df['polarity’]

X = tfidf.fit_transform(x)
X

Figure 1.7: Sample Code for Count vectorizer and Ngram

5.5.  Machine Learning Models Implementations

Python sci-kit learning library package is used to build machine learning models. The following

are

the phyton package that is used in model building.

Importing nessary packages

4]

import re

import math

from collections import Counter

import pickle

import random

import numpy as np

import pandas as pd

import nltk

from nltk.corpus import stopwords

from sklearn.feature_extraction.text import Tfidfvectorizer,Countvectorizer
from nltk import word_tokenize

from nltk.tokenize import word tokenize

from sklearn.metrics import accuracy_score

import matplotlib.pyplot as plt

import seaborn as sns

import string

Zmatplotlib inline

from sklearn.model selection import train_test split

from sklearn.metrics import classification_report,confusion_matrix
import warnings

warnings.filterwarnings("ignore™)

from sklearn.feature_extraction.text import TfidfTransformer
from sklearn.naive_bayes import MultinomialMB

from sklearn.linear_model import LogisticRegression

from sklearn.svm import Linearswvc

from sklearn.ensemble import GradientBoostingClassifier

from sklearn.model_ selection import cross_wal_ score

from sklearn.metrics import plot_confusion_matrix

Figure 1.8: Importing the necessary Package
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The study utilized the LinearSVC (Support Vector Classifier) classifier of the sklearn bundle to
build the SVM model. LinearSVC is used to fit the data you give, returning a "best fit" hyperplane

Train using Support Vector Machine Learning Algorithm

M #using Supervised ML[SWM]
sm = LinearsvC(multi class="ovr',penalty='12"',loss="squared hinge',dual=True,C=08.01,class weight="balanced',verbose=a,
jnax_iter=10000)
sm.fit(X_train, y_train)
y_pred = sm.predict(X_test)
filename = 'svm.sav’
pickle.dump(sm, open(filename, 'wb')})

Figure 1.9: Instantiating SVM and Fit the Model

The multinomial Naive Bayes classifier is appropriate for classification with discrete, so this study

uses a sklearn MultinomialNB() classifier.

Train using Naive bayese Machine Learning Algorithm

M | # using Supervised ML[Naive bayese]
nb = MultinomialNB(alpha=1.0,fit prior=True,class_prior=None)#instantiate naive bayes classifer
nb.fit(X train, y train)#to train NB
y_pred = nb.predict(X test)
filename = 'NaiveBayi.sav'
pickle.dump(nb, open(filename, ‘wb"))

Figure 1.10: Instantiating Naive Bayes and Fit the Model

The study utilized the LogisticRegression() is utilized to describe data and to clarify the

relationship between one dependent binary variable

Train using Logistic Regration Machine Learning Algorithm

M # Use Supervised ML algo [Logistic Regration]
1r = LogisticRegression(penalty="12",dual=False,(=0.01,class weight="balanced’ ,max iter=10000,multi class="ovr',
Merbose=0,solver="1bfgs")
Ir.fit(X_train, y_train)
y pred = Ir.predict(X test)
filename = 'LogisticRegr.sav’
pickle.dump(lr, open(filename, 'wb'))

Figure 1.11: Instantiating Logistic Regression and Fit the Model

The study utilized the GradientBoostingClassifier() since it minimizes the overall prediction

blunder and advantage from regularization strategies that penalize diverse parts of the algorithm.
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Train using Gradient boosting Machine Learning Algorithm

M | # Use Supervised ML algo [Gradient boosting]
gb = GradientBoostingClassifier(loss="deviance',n_estimators=100,max features='auto',verbose=0)
gb.fit(X _train, y train)
y pred = gb.predict(X test)
filename = 'GradientBo.sav'
pickle.dump(gb, open(filename, ‘wb"))

Figure 1.12: Instantiating Gradient Boosting and Fit the Model

5.6. Cosine Similarity
For the good extracting of feature/aspect, the study utilized the cosine similarity. After extracting
aspect/feature using cosine similarity then the machine learning takes and predicts aspects-based

polarity determination.

M def GetInput():
x=input(“"please enter your comment")
data[ 'input’]=x
# preprocessed unseen text and input
x=clean_text(x)

vec = tfidf.transform([x])

vec.shape

y=gb.predict(vec)

#readbata()

data[ 'vectorl' ]=data[ 'comment'].apply(lambda x: text to vector(x))

data[ 'vector2']=data[ 'input’].apply(lambda x: text to vector(x))

data[ 'Distance’ ]=data.apply(lambda x: get cosine(x['vectorl'],x[ 'vector2']),axis=1)
column = data["Distance"]

max_index = column.idxmax()

print("The aspect is "+ data[ 'aspect'].values[max_index]+
return y

n "

The polarity is "+y)

Figure 1.13: Sample code for Cosine Similarity in aspect Extraction

5.7. Model Testing and Evaluation

When we evaluate the model, performance is based on an error metric to decide the accuracy of
the model. This method, however, isn't very reliable as the exactness obtained for one test set can
be very different from the accuracy gotten for a different test set, K-fold Cross-Validation (CV)
gives a solution to this issue by partitioning the data into 10 folds and guaranteeing that each fold

is utilized as testing set at a few points.
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Applying 18 fold cv on gradient boosting classifier

M #kfold validation
scores = cross_val score(gb, X, y, cv=10, scoring="accuracy')
print(scores)
kgb=scores.mean()
print("The Average Kfold Score”|,kgb)

Figure 1.14: Performing 10-fold CV on GB Models

The study utilized classification_report(), accuracy_score(), and confusion_matrix() methods,
which are utilized to assess the performance of the built models utilizing predict the value of 10-
fold CV for the complete dataset. These strategies allow a result of evaluation metrics such as
accuracy, precision, recall, and F1-score value of the model under testing. At long last, A model
for recognizing Aspect Based SA is implemented using the chosen best model then deployed using
flask web services for it to be able to acknowledge new input comments and then return prediction

the results.

5.8.  User Interface Design

The proposed system was mainly developed to make computers communicate with users through
the Amharic language. The technique is used to create a web application that is integrated with the
model. To do this we used the flask framework. And there is a technique called a bootstrap to make

the app easily compatible with different window size devices.

5.8.1. Flask Frameworks
Flask is a python web framework that's utilized to creating web applications. The proposed
framework was created by utilizing this framework. Flask has numerous preferences. From those

advantages, a few are; flexibility and simplicity. For this reason, we utilized the Flask framework.

When we use the flask framework, we used two directories, which are known as a template and
static. In the static folder, we put the files that are used to make attractive the system. those files
are an image, CSS files, JavaScript files. After we create those, all files the next step is loading the
trained model file that is saved in our hard disk and make it to predict the users' request and finally

give an appropriate response.
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5.8.2. Bootstrap
Bootstrap is a Cascading Style sheet (CSS) system that's utilized for creating responsive web
applications. It is an open-source framework utilized at the front end of application development.

It contains diverse HTML layouts that are utilized to create a graphical user interface.
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Figure 1.15: User Interface Design
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Figure 1.16: Positive Request and Response
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CHAPTER SIX

RESULTS AND DISCUSSIONS

6.1.  Discussion of Results
Within the case of extracting important features and deciding the polarity of opinion words. The
result of the experiments of the proposed solution for Aspect Based Sentimental Analysis using

machine learning approaches is examined.

6.2. Models Evaluation Results

The researchers are comparing the machine learning algorithms (that are discussed in chapter 3)
to choose a more fitting model for an Aspect Based SA with the same data set and categories for
feature selection and polarity determination. Testing these trained models is performed using 10-
fold cross-validation. This method randomly split the dataset into ten equal size sets.

6.2.1. Ternary Classification Models Evaluation Results
Ternary Classification models are built using the three-class dataset that is converted from the
annotated dataset that means the dependent variables are positive, negative, or neutral. The trained
models are tested using the 10-fold CV. The result of each test accuracy score for SVM, NB, LR,

and GB models based on extracted feature vectors are presented in tables separately below.

Table 1.6: SVM Models Average Accuracy for Each Feature

Feature 10 Folds CV Accuracy (%) for SVM model Average
Extraction Accuracy
1st 2nd 3rd 4th 5th 6th 7th 8th gth 10th (%)

TF-IDF 535 | 676 | 798|779 873|759 |679| 787|764 | 65.1 73.3
Count 549 | 746 | 82.6 | 83.1 | 90.6 | 87.3 | 825|854 | 854 | 71.7 79.8

Vectorizer

TF-IDF 535 | 67.6 | 798|779 873|759 |679| 788|764 | 65.1 73.0
+

Unigram

TF-IDF 624 | 812 892|854 |939|948|821 929 |87.3| 80.7 84.9
+

Bigram
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TF-IDF
+

Trigram

61.9

78.9

86.9

87.8

91.9

94.8

86.8

95.8

90

87.7

86.3

TF-IDF
+

Unigram+Bigram

60

78.4

85.9

86.4

93.9

91.9

81.1

90.6

84.9

76.4

82.9

TF-IDF
+

Bigram+Trigram

62.9

80.8

88.3

88.3

94.3

95.8

84.9

94.3

87.7

87.3

86.5

TF-IDF
+

Unigram+Trigram

62.9

80.3

88.3

87.3

94.3

94.8

83.9

93.4

86.8

82.5

85.5

Countvectorizer
+

unigram

54.9

74.6

82.6

83.1

90.6

87.3

82.5

85.4

85.4

71.7

79.8

Countvectorizer
+

Bigram

69.0

89.2

92.0

91.5

93.7

96.7

95.8

94.8

97.2

87.7

90.4

Countvectorizer
+

Trigram

68.5

86.9

92,5

91.5

91.9

96.2

93.9

97.2

96.7

915

90.7

Countvectorizer
+

Unigram+Bigram

69.9

88.7

90.1

91.1

94.3

97.2

95.3

95.8

97.6

90.6

91.1

Countvectorizer
+

Bigram+Trigram

71.4

89.7

93.9

92.9

92.9

96.2

94.8

96.7

97.6

92.5

91.9

Countvectorizer
+

Unigram+Trigram

72.3

90.1

92.0

92.9

94.3

98.1

95.3

96.7

98.1

92.5

92.2

The outcome in Table 1.6 shows the cross-validation accuracy scores for the Support vector

machine model based on features with corresponding each fold test. The lower accuracy of 73.0%

(0.730) outcome was recorded on the TF-IDF+unigram feature model and the higher accuracy of

92.2% (0.922) resulted using countvetorizer+Unigram+Trigram feature model.
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Table 1.7: NB Models Average Accuracy Scores for Each Feature

Feature 10 Folds CV Accuracy (%) for NB model Average
Extraction Accuracy
1st znd 3rd 4th 5th 6th 7th 8th 9th loth (%)
TF-IDF 446 | 60.6 | 65.7 | 71.4 | 85.4 | 60.8 | 61.3 | 73.6 | 66.9 | 56.6 64.7
Count 441 | 619 | 67.1 | 71.8 | 86.3 | 64.6 | 58 | 73.1 | 68.4 | 59.4 65.5
Vectorizer
TF-IDF 446 | 60.6 | 65.7 | 71.4 | 854 | 60.8 | 61.3 | 73.6 | 66.9 | 56.6 64.7
+
unigram
TF-IDF 64.3 | 840 | 86.4 | 840 | 89.2 | 81.6 | 71.7 | 88.2 | 81.1 | 73.1 80.4
+
bigram
TF-IDF 67.6 | 82.1 | 84.5 | 83.6 | 90.0 | 835 | 72.6 | 91.0 | 835 | 75.9 81.5
+
Trigram
TF-IDF 61.9 | 79.8 | 845 | 83.1 | 91.0 | 80.2 | 70.8 | 87.7 | 81.1 | 70.8 79.1
+
Unigram+Bigram
TF-IDF 66.2 | 83.6 | 859 | 84.0 | 89.6 | 83.0 | 72.2 | 90.6 | 825 | 75.9 81.4
+
Bigram+Trigram
TF-IDF 64.3 | 81.2 | 849 | 83.1|90.0 | 83.0| 712 |89.2 | 825 | 755 80.5
+
Unigram+Trigram
Countvectorizer 441 | 619 | 67.1 | 71.8 | 86.3 | 64.6 | 58.0 | 73.1 | 68.4 | 59.4 65.5
+
unigram
Countvectorizer 61.9 | 845 | 86.4 | 82.2 | 89.6 | 81.6 | 71.7 | 86.8 | 825 | 745 80.2
+
Bigram
Countvectorizer 66.2 | 84.0 | 849 | 81.7 | 89.2 | 83.0 | 71.7 | 89.6 | 85.4 | 76.9 81.3
+
Trigram
Countvectorizer | 58.2 | 78.9 | 83.6 | 81.2 | 89.6 | 80.6 | 71.7 | 86.3 | 81.1 | 73.1 78.4
+
Unigram+Bigram
Countvectorizer | 63.4 | 84.0 | 859 | 83.6 | 88.7 | 81.6 | 71.7 | 88.2 | 84.4 | 755 80.7

+
Bigram+Trigram
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Countvectorizer
+

Unigram+Trigram

62.9

81.2 | 854 | 831|896 | 801|712 | 873 | 83.0

76.4

80.0

The outcome in Table 1.7 shows the cross-validation accuracy scores for the Naive Bayes classifier

based on features with corresponding each fold test. The lower accuracy of 64.7% (0.647) outcome

was recorded on the TFIDF and TFIDF+unigram feature model, and the higher accuracy 81.5%

(0.815) resulted using the TFIDF+Trigram feature model.

Table 1.8: LR Models Average Accuracy Scores for Each Feature

Feature 10 Folds CV Accuracy (%) for LR model Average
Extraction Accuracy
1 [ond |39 a0 50 |eh |70 [gh [9nh [10m (%)
TF-IDF 493 | 624 | 76 | 75.6 | 86.8 | 70.3 | 61.3 | 76.9 | 69.3 | 64.2 69.2
Count Vectorizer | 51.6 | 65.3 | 789 | 779 | 87.3 | 745 | 70.8 | 80.1 | 75.5 | 60.8 72.3
TFIDF + Unigram | 49.3 | 62.4 | 76.1 | 75.6 | 86.8 | 70.3 | 61.3 | 76.9 | 69.3 | 64.2 69.2
TFIDF + Bigram | 61.0 | 77.5 | 87.3 | 84.5 | 90.6 | 89.2 | 79.7 | 90.0 | 83.9 | 78.3 82.2
TFIDF + Trigram | 58.7 | 76.1 | 85.4 | 845 | 91.9 | 91.9 | 79.2 | 92.9 | 84.4 | 85.8 83.1
TFIDF+ 56.3 | 74.2 | 83.6 | 84.0 | 91.0 | 86.8 | 75.9 | 88.2 | 81.6 | 72.3 79.4
Unigram+Bigram
TFIDF + 61.0 | 76.1 | 86.4 | 84.9 | 92.9 | 89.6 | 79.7 | 91.0 | 84.9 | 84.9 83.2
Bigram+Trigram
TFIDF+ 58.2 | 75.6 | 85.9 | 86.4 | 92.9 | 89.2 | 78.8 | 91.0 | 83.9 | 79.7 82.2
Unigram+Trigram
Countvectorizer+ | 51.6 | 65.3 | 789 | 779 | 87.3 | 745 | 70.8 | 80.2 | 75.5 | 60.1 72.3
unigram
Countvectorizer+ | 63.4 | 79.8 | 84.0 | 86.4 | 91.9 | 96.2 | 86.3 | 89.2 | 91.0 | 79.2 84.7
Bigram
Countvectorizer+ | 62.9 | 79.3 | 86.4 | 84.5 | 90.6 | 94.8 | 89.2 | 94.3 | 90.0 | 86.8 85.9

Trigram
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Countvectorizer+ | 62.9 | 78.4 | 87.3 | 859 | 943 | 939 | 86.3 | 90.6 | 90.0 | 77.4 84.7
Unigram+Bigram

Countvectorizer+ | 67.1 | 82.2 | 88.7 | 88.3 | 93.4 | 97.2 | 915 | 943 | 929 | 83.9 87.9
Bigram+Trigram

Countvectorizer+ | 64.8 | 83.1 | 87.3 | 89.7 | 93.3 | 96.7 | 89.6 | 91.9 | 92.9 | 83.0 87.3

Unigram+Trigram

The outcome in Table 1.8 shows the cross-validation accuracy scores for the Logistic Regression

classifier based on features with corresponding each fold test. The lower accuracy of 69.2% (0.692)

outcome was recorded on the TF-IDF and TF-IDF+unigram feature model and the higher accuracy

of 87.9% (0.879) resulted using the Countvectorizer+Bigram+Trigram feature model.

Table 1.9: GB Models Average Accuracy Scores for Each Feature

Feature 10 Folds CV Accuracy (%) for GB model Average
Extraction Accuracy
1st 2nd 3rd 4th 5th 6th 7th 8th gth 10th (%)
TF-IDF 59.6 | 79.3 | 88.7 | 83.6 | 924 | 96.2 | 90.1 | 90.1 | 929 | 75 84.9
Count Vectorizer | 61.0 | 80.8 | 88.7 | 83.1 | 93.4 | 943 | 89.2 | 89.6 | 948 | 81.6 85.7
TFIDF + Unigram | 59.6 | 79.3 | 89.2 | 83.6 | 925 | 96.2 | 89.2 | 90.6 | 929 | 73.1 84.6
TFIDF + Bigram | 70.9 | 89.7 | 93. | 91.1 | 94.3 | 97.2 | 93.4 | 96.2 | 94.3 | 91.0 91.2
TFIDF + Trigram | 72.3 | 88.7 | 96.7 | 925 | 91.9 | 97.6 | 91.5 | 97.2 | 98.1 | 929 91.9
TFIDF+ 69.5 | 89.2 | 92.9 | 915 | 94.3 | 98.6 | 94.3 | 97.2 | 97.6 | 94.8 92.0
Unigram+Bigram
TFIDF + 714 | 90.1 | 95.3 | 915 | 948 | 97.2 | 93.3 | 96.2 | 95.8 | 92.9 91.9
Bigram+Trigram
TFIDF+ 72.3 | 90.6 | 95.3 | 925 | 94.8 | 98.6 | 93.9 | 96.7 | 97.6 | 95.8 92.8
Unigram+Trigram
Countvectorizer+ | 61.0 | 80.7 | 89.2 | 84.9 | 93.4 | 94.3 | 89.2 | 89.6 | 94.8 | 78.8 85.6

Unigram
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Countvectorizer+ | 69.9 | 87.3 | 94.8 | 91.1 | 939 | 97.2 | 939 | 953 | 96.2 | 88.2 90.8
Bigram

Countvectorizer+ | 71.3 | 87.8 | 96.2 | 93.9 | 929 | 976 | 93.9 | 96.7 | 97.6 | 91.5 91.9
Trigram

Countvectorizer+ | 70.4 | 88.7 | 95.8 | 91.5 | 948 | 98.6 | 948 | 95.8 | 98.6 | 90.0 91.9
Unigram+Bigram

Countvectorizer+ | 70.9 | 89.2 | 95.8 | 92.3 | 91.0 | 97.6 | 93.4 | 96.7 | 97.6 | 929 91.8
Bigram+Trigram

Countvectorizer+ | 72.3 | 88.3 | 95.8 | 93.4 | 95.8 | 98.6 | 948 | 96.7 | 98.6 | 93.3 92.8
Unigram+Trigram

The outcome in Table 1.9 shows the cross-validation accuracy scores for the Gradient Boosting
classifier based on features with corresponding each fold test. The lower accuracy of 84.6% (0.846)
outcome was recorded on the TFIDF +Unigram feature model and the higher accuracy of 92.8%
(0.928) resulted using the TFIDF+Unigram+Trigram and Countvectorizer +Unigram+Trigram

feature model.

When we generalized the above four tables, 92.8% of the accuracy of the Gradient Boosting model
based on the TFIDF+Unigram+Trigram and Countvectorizer+ Unigram+Trigram features greater
than that of the SVM, NB, and LR models. The accuracy of the SVM models based on the
Countvectorizer+Unigram+Trigram features is greater than that of the LR and NB models. The
below bar chart shows four Machine learning Models Average Accuracy Scores for Each Feature,
and GB based on Countvectorizer+ Unigram+Trigram and TFIDF+Unigram+Trigram makes good

accuracy than others.
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The study also uses other model performance evaluation metrics, as discussed in chapter three.
These metrics are Precision(P), Recall(R), and F-Measure(F1). Table 1.10 appears the results of
the evaluation metric for each model based on features extracted.

Table 1.10: Classification Performance Result

Feature SVM NB LR GB
P R F1 |P R F1 |P R F1 |P R F1
TF-IDF 77 77 76 73 74 73 74 74 | 74 | 87 87 87

Count Vectorizer 86 85 85 74 | 74 74 | 76 | 76 | 76 | 91 | 91 | 91

TFIDF +Unigram | 79 | 79 | 78 | 76 | 76 | 76 | 74 | 74 | 74 | 89 | 89 | 89
TFIDF+Bigram | 89 | 89 | 89 | 8 |8 | 8 |87 | 8 |8 | 92 | 92 | 92

TFIDF + Trigram | 89 | 87 | 87 | 89 | 89 | 89 |87 | 8 |8 | 94 | 93 | 93

TFIDF+ 87 | 86 | 86 | 86 | 86 | 8 | 8 | 83 | 84 | 93 | 93 | 93
Unigram+Bigram

TFIDF + 92 | 92 | 92 | 88 | 83 | 88 | 83 | 86 | 8 | 89 | 89 | 89
Bigram+Trigram

TFIDF+ 89 | 88 | 88 | 87 | 87 | 8 | 87 | 8 |8 | 94| 93 | 93

Unigram+Trigram
Countvectorizer+ 84 84 84 76 76 76 | 76 | 76 | 76 | 95 | 95 | 95

unigram
Countvectorizer+ 93 93 93 86 | 86 86 | 89 | 88 | 88|90 | 90 | 90

Bigram
Countvectorizer+ 92 91 91 88 | 88 88 | 91| 90 | 90|92 | 91 | 91

Trigram
Countvectorizer+ | 92 | 92 | 92 | 86 | 86 | 86 | 86 | 86 | 8 | 95 | 95 | 95
Unigram+Bigram
Countvectorizer+ | 93 | 93 | 93 | 89 [ 8 | 89 | 92 | 90 |90 | 94 | 94 | %4

Bigram+Trigram
Countvectorizer+ 95 95 95 89 | 89 89 |89 |8 {8 |95]| 95 | 95

Unigram+Trigram
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From Table 1.10 F1-score determine the weighted average of Precision and Recall, and F1-score
metrics selected to compare the models based on the features because it's more useful than
accuracy when the dataset contains uneven class distribution, so based on F1-score SVM and GB

model based on countvectorizer+unigram-+bigram obtain a higher score of 95% than NB, LR, and
GB models.

6.3. Normalized Confusion matrix for SVM, NB, LR, and GB

A normalized confusion matrix makes it easier to visualize and interpret how the labels are being
predicted.

normalized confusion matrix of GB Model Based on countvectorizer+Unigram+Trigram
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True label

-0

-2
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negative neutral
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normalized confusion matrix of GB Model Based on TR-IDF+Unigram+Trigramnm

positive

negative

True label

0.2

neutral -

negative mnewutral
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Figure 1.19: Confusion Matrix of GB based on Extracted Features
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Figure 1.19 illustrates the sampled confusion matrix of GB models. Based on Countvectorizer+
Unigram+Trigram, GB classifies 93% of True positive, 97% of True Negative, and 95% of True
neutral class correctly, and 0.56% and 2.3% of FP, 2.3% of FN, 6.7% and 2.8% of False neutral
are misclassified. Based on TFIDF+Unigram+Trigram, GB classifies 91% of True positive, 95%
of True Negative, and 97% of True neutral class correctly, and 1.2% and 1.5% of FP, 1.2% and
1.5% of FN, 7.3% and 3.5% of False neutral are misclassified.

normalized confusion matrix of SVM Model Based on countvectorizer+Unigram+Trigram  normalized confusion matrix of NB Model Based on TF-IDF+Trigram
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Figure 1.20: Confusion Matrix of SVM, LR, and NB Based on Extracted Feature
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Figure 1.20 illustrates the sampled confusion matrix for SVM, NB, LR, and GB models. Based on
Countvectorizer+ Unigram+Trigram, SVM classifies 90% of True positive, 96% of True Negative,
and 97% of True neutral class correctly, and 0.53% and 1.7% of FP, 1.7% of FN, 9.5% and 3.2%
of False neutral are misclassified. Based on TFIDF+Trigram, NB classifies 86% of True positive,
93% of True Negative, and 87% of True neutral class correctly, and 2.3% and 7.1% of FP, 4% and
5.5% of FN, 9.7% and 4.7% of False neutral are misclassified. Based on Countvectorizer+
Bigram+Trigram, LR classifies 87% of True positive, 85% of True Negative, and 97% of True
neutral class correctly, and 1.2% and 1.6% of FP, 1.1% of FN, 13% and 14% of False neutral are
misclassified.

6.4. Discussions

This study experimented with different feature extraction and machine learning algorithms like
SVM, NB, LR, and GB to model Aspect/feature Based Sentimental Analysis evaluated by 10-fold
CV. In the beginning, the dataset builds from scratch by collecting data from the hotel's social
media (Facebook page and website) and after collecting data we apply different data preprocessing
techniques to the collected data in the dataset, and label (its polarity and aspect/feature) the data
by using 3 annotators. This study shows SVM makes the accuracy of 92.2% (0.922) resulted in
using the countvetorizer+unigram+Trigram feature model, NB makes the accuracy of 81.5%
(0.815) resulted using TFIDF+trigram feature model, LR makes the accuracy of 87.9% (0.879)
resulted using the Countvectorizer+bigram+trigram feature model, and GB makes the accuracy of
92.8% (0.928) resulted using the TF-IDF+unigram+trigram and countvetorizer+unigram+Trigram

feature model. Finally, GB achieves high accuracy than other algorithms.
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CHAPTER SEVEN

CONCLUSION AND FUTURE WORKS

7.1. Conclusion

These days, the application of opinion analysis technology has been applied in different commerce
issues, services, movie, and Hotel businesses, products, and a few specific subject surveys. But it
would be difficult for the hotel management to manually analyze a large amount of data to
understand whether the customer is satisfied or not. In this research Aspect based sentimental
Analysis is proposed in the Hotel review domain. we use data preprocessing tasks to extract
relevant data and applying a machine learning approach to learn the data.

This research applied four supervised machine learning classification techniques, Naive Bayesian,
Logistic Regression, Support Vector Machine, and Gradient boosting were experimented with for
building and evaluating the sentiment (polarity) model, and we use the cosine similarity technique
for extracting aspects (features) of the hotels. There is Different performance evaluation metrics
are going to be used like accuracy, precision, recall, and F- Measure to help us in evaluating the
performance of the proposed prototype and 10-fold CV used for the effectiveness of the

performance.

The 10-fold accuracy of the GB model makes of 92.8% based on the TF-IDF+N-grams and Count
vectorizer+N-gram feature greater than that of the SVM, NB, and LR models. The accuracy of the
SVM models makes of 92.2% based on the Countvectorizer+unigram+trigram features greater
than that of the LR and NB models.

7.2.  Contributions of the Thesis
Some of the main contributions of this research work are given below.
= We proposed an ML model for predicting Aspect Based sentiment of Amharic text with
good performance metrics.
= We Build Hotel Corpus by collecting 2124 Amharic hotel reviews.
= This research can be used as a baseline for Aspect Based sentiment mining-related research

works for opinionated Amharic text.
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7.3. Future Works
The study has shown that Aspect Based sentiment analysis can be done automatically for the
Ambharic language by using supervised machine learning. However, many issues need further
consideration for future research. In this section we recommend further research:
= Opinion spam detection or fake review detection can also be a future research direction.
= Opinion holder detection or the reason for positive, negative, and neutral opinions can also
be a future research direction.
= Due to no standard available Amharic language stemmer tool. The study did not apply
these preprocessing methods.
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Appendix A: Sample letter Permission




Appendix B: Approval Letter for Linguistic Expertise




Appendix C: hHv OFF eHHLHST PAT AP 137 LALh::

[100A+5 2 $2EPTIMTE090.004. I 702G I N4 H AN TP~ 1007, 1CIP A 1T G P AN T 1,97
FULAIATIFIFLALIMIGT I ALAT  PADE PADT AR NN T POAMITICTIE ATMAM L D0 0T PHGT
100100 APPPIACALITINDIL I PATIAR I IAGR I 19T M AT H avA NP 0P J1av- Q5 10090 N e
POTIPCTINTGIPATGIOTNTIN4L T ATI44 I QIOP T HUTGIPRIPPI QYGTACN T Thav iR D RN D7)
BV ATNATARNT T ILERIM TP PN TRITAAOIAADN T VIR AT AD T F R avANTFI A LA
WIRICULLIOCPTIERM I AG-NAUTG T ARICCT LTI a0 Lo RN 3 F T PATEG I 0T
QLI R4 LI TP T PANGIPANITANG I AL IAATOIGATHIIPRIAM I LTI AN PIANATIOC
FOVMGOPITE I MPIL I F LI PNPIVNTIOOFHHTIVAG 1 0GT LA T M PTLIPLI FPLIMAIC: b7
NPT AO-PI ANE T AAM T ATE YT ANTIITT T AIPATE I IO PPN AT LRI 6 P G T TAIPC P
APIPPIPPIOLTRNT O RN TN TR AHG  GAL IHT T T ANTPL I T AV LTI T A1t
FIMLPIPATATANLS R ANANLI L TF FHAAN MG I NI MO PEIARIPOFd i R PN TR PTNAPTP
IO RIOC IR N I DN\ 10D, 0,0 haP(C T ANG L D0 TPOL 1A DN ap N0 EFCI AN T HAR YT
RCNT PRI IQUARTFATILIF R QU TFEAATIF AD TGP B FHI T I AN T ANLALILAL
FAFNA BTN AATT AP M N D FIG G008 AN T LU T TR OO AN LTI TN+ P
ATRNALIPITIANAGTIPINT DL IAAN L PA I FHHIHAAATIRFFAPTITTINIE P &L QNG 14Ut
031900 €PCIOTL MNPl 8 TG N AANTL 10910219 T HAR LavF AT 1RIACPIUAL PHia07
LAPIVP:F IT9PAA 1 3 T HAPGR YT i ATDPE R I IPF & 1IN L6 PEAGP (LM 2R MG T AT T 91 2
VAU LAt ACNT TANTTHIAAIC I ASE I OC F T ATPLI0TR.LAT FAPILIIPIIACIAMT E DM, 9%
eI LAP AN LI NG9O APA TR 0T P40 D LG TN HT a0 CHE I 14N T Ak a0 D THE F £ 0
QTR TANNLPIPINIVPLLTFNANL I RPN QU TF 0N, VL PAN I PTIANARTUIPATIN D
NATCTIR A PF O T H Y R RPN F G AT I PRI R IO ARG ST HIT 10 &V LT T
IQLIVEAILAILING TN 4LATOAN A F 12 IMNLITFANT IO NGV 088 A AT RC MG T
MPTLEIMPTLITia0 T AUHNIRTIR NG 0PI PTEaP A naPA NP AN, J97: -2, 0T APIPTHAR I 1 AT
PNCTANNI08A VP HO8E O-M VNPT IYHARIIAS I 0P 0L N 071 L4 NG AV T AT LI H
B AN ip P I FHITIANRI L PITU-T 4 TITIRL AN AH I T AR 115 100 0PI hav (kTP PIAATY
PIAILIHIOL D DI HAPG R LA YHFC I AT NG P LI HHPIC T OHG I 097, 0L N PIPav 100 avif i)
CONNGFIARAGT NP PCINASG I PPV RINCU T VN FIOT AL N ALaD 08B h(-CEFR T AN
ML RaIPiYLD-1 95 RaPP: FITHIQL AT 0N TANL I PP IQFURIP L IaP( LA T TAIPLG I VCTTH D
07005 270G 4711 P HT VGV NG E P LT & TP L MO AATOHG AR N4 E
LALNIAGT IIPU-CITCT]
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Appendix D: hHY O3F eHHLHGT PAT AFL-A1TT LA ::

[Bav5Tiear e a0t 1-AA T ANAS T TALT I AN (P20 T A S TURIHEE TN PA T OP D1G RV A S TUP T
AAUS 7 PPIY 1 a0 L1 0I° PAM i+ LTI PTYPF A NNAT B A DT AN, 1a0PsB 198 51 AP T AT
LIRS TAPOIOCTT 824G TN D9 1180 RN AN T aPHN I OPAT AL F 1000 L HLP LB PP A TN
TTRAPTIANL TP I IR 181G 1P AL AT PO LNAT AP 2.AIPINTE TP T CIPCIP T T AATPIP T AT
PHGCUTILLPIRMSICHIMANT? P77LLA AL AT D LS TR GFTL T AAPII I AN AT I H T
av YT AR, PR P IMC TGP o T i ke T T PO AL IR ML T AG LN DAL, T T TPAMNSG I AT
(L3092 U984 0P I PTLOAMA T H PR 100G T YD1 T AN 8L, VT 9 - CR-NT & TR N6
PIALLAIIANTANNL I HIS T ALIP LTS COT AT AN NNT T AATDHITaD Y P 2,097 AP L, IPT A
@000 & HIPMFINAL T LAPANTIFPAN N T TUP T 10 FIAM IO TEAT - F AN I NAFS T ACT AT 7587
PUFATS IDLCTTT PALP AT CIAPLLINL NN T ANML L LA T R TP 190011 0L 8 10970, FAIPT 097,
ATPTITIAGALIPTIL T AAIPNTITF 1L &7 oM T FaP98 e AP HChCh I PTL PO e NP EIATIA
1PTIAIPI ANG- ST DG T ACTT I T AN RELAA T AN T £ NI 141 NPA T AL LATPTOIG T DAPR T PA T AN S
PIAPFIEIOIPEF I PALPIOTHN L P IPPT i P4 I P LG LIFGRLLIAHNINIG I PPLATANT T AL FHIFIPiavn -
P07 2,0TY T ANCHT AL T AAMA T TLT TNV 194 T+ M NS G- CRP T RC P T a0 POIPI ANNE (L Hav<T
SRTRAIRAA TAM T ANAILOPIANEMNS TN DN T SATF AT NN ATLIaPBCE A PO PR NNTEAPCY
FERCIPNIID-IPIAN I PTIRLN LG i a0 i Y(rF AAAT I D 2451 LarT T FoIC T AT PAA DI ACTIT AT L7
IPAPPIFORITITNFAN M NINTRA T INCT T AL TSN NAT OATA4 ST TPAIPTTIUMATIAAN
A F197R PG FIPIALM YA T AL A TR T A NICIUIPIOI A TH LS T aPPHGF T AT MM T AL AP IPAN.T
TAIPPOTT I HET @ IAN T TH T HE AP G 01 B Mg AANTANBD-ToICE LT PCIAPI LAATTIANT ALA TP,
PAT DT ITAN TP AL L PP DI IONC W T LI DT BN DLT A PCIMAAT AL IDTFICIVH(C T GG
LiARTL ST I PRCIMATTFARATACHAT VAT I ALDRIPTAANLN LI TILS PRI DL 0NN TPLGICT A
SPOCASE R 9IsPNCNCTAN AL N ANNS I PPAG 1 S ONO AHE I 0T T RIS PAAPRI ALTT Fems VT T
CAIPTALS ISIG ST PONF R PO A4 NANA T 144 T RABA T AL T MO D&Y & TG i Péot
FIAFLIPIFPIANT I ANPLTLITILE T PAPATICAM a0 POCHFIPUTT PG T haPd i LRI ANS BT AD-LAS
LIALG PLIH-MIPiaDPE AN ACAEL P94 E TG T PATLIIM I TINIL LT POV i+aPd P 0477
1997 P14~ 090, PAGC T ANGPAR T-FaPGaPy: DD P (146-EaPCHIP I PCA S IACH I W FERCM T ALT T 10+
ST OANAN TN TN LE T RO A I MU RINTFPA L BT 7 2. LA I PAA I MGTIN T D-QNANE
ANTPNOFE R T1P: (M 7904 T TR T PAM I BADIC: PN LI PHANTI P NI (T AAT I NATIIPIIPAAAN
1POAMAAN OGP IIPIUNTE PRI T AD-89: PA I MNTANLS T AL LB 0145 1091 POAD-ATIE MG T F I HP
S IMA PIRTIRADT 0T PANT 0, Lavy J-1 avgBry i M-C LT TVID P ANNE DD F 1990 -1 9P 990
DL 1PI0TLLANN G-I TINF1aPAIO F P AaPA TaPPAGT PG, 4T BT 4.61 PATHN 00T AN OA FTaPT
AR IPOPY PRI RTINAF AT 4L HPTT I, PA AR T UH Y PIT P IACLIIPANG T hA T PAMNTE
AFALIEAATNLAhUL T Th-AI PN T 00L& 11 L TN ALAN I TANT PPAMLC I &P HIPhU i AL
P&LINATT AT TP FCR I AT LT UG LT a099pP AN A 1o LN NPT TINM TP P LT i av-p 1R
AT ANC AT LS ARG 1 4.CAIPI 0900 S A I RM TIPGR Aoh T N1 T A LA T PMACI NN T IO APL- PP
@) PLYEPOT IR IPTILVINECILCPI P2 AT 1A T ANT DI NG T 107 0TI PIOCiPAL I PG5
LOFPALILNIOI PRI AL MBI LT LA AA BT NULTACIP M 0972, 30 TR EAT & TN IHAHA T -8
avFif(L R PANIPL i PD-AATTLAMCELAHHIVGIP A F0 0N HIIOHE : AT DN PP TN i BATF .
goi0aq 0, Fav i (1LATANCRLT B2 T I PANTINA T AR P T I19°: RATTF10-CE PN T MNP IHE T PR LS
QG IaDYL,I0Y i & PATHALF 0TI PAPO TN L I MO FIC1 0044 AHANG 1002 & P NN AT 47,070
RN NG T a0 NI IPIPITH I L hav B G TN I OGN LI LAFNF T rH ChTi T 9P HCT AL LAT]
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Appendix E: Amharic alphabets and their pronunciation.

ale u i a e = = ale u i a e = o
lefa] [wl] Lil | [a] | [e] |[#5%] (o] [e/=] [u] Lil la] =] [iwa] (o]
bl o L7 E v W»rE Elhn L h | hh h b
[h] ha hu hi ha | he ha ho [k]| k& ku ki ka ke ko ko
1 o W o WO W g R ~ W g o L Th hr T A | Th. h | D
r 1a Tue 1i 1a le 1> 1o [kl k& ku ki ka ke k= ko
b ldh | d | dw|dh | A Wl @ e P B a P
[h] ha hu hi ha | he | ha ho [w]| Wi | s wei wea we wa | wWo
bk ARk Bk N bl i b o o Y| Y| % &
[m] | mdE f ety mi | ma | me | ma | omo 21 “a e ‘i “a e ‘o ‘o
S S Sl e AR ar B P oo I o = | H H- H.| H H. ™ H
=1 Sa Su Si Sa Se Sa So =1 =i Zu Zi Za e za Zo
A - - - i oR i - I B e ¥ ol S e 7 8 e e ¥ S ¥ e S
[r] ra fgtl ri ra re = o =1 Za ZFu Zi Za Ze Za Zo
s O 0 L9 00 o vy ¢ % %P % e v
[s1 sE su si sa s sa SO Lil D du i ia ie Ja Jjo
A 0 ML e a o a |l e | % S 8 % S 2
[N =1 Eu =i Ea e =51 o rdi i du di da de da do
a | & | & | & P P el & & ® 8 | & = =
k7] g que qi | ga | ge | g2 | qo [d5]1 &4 Su &i Ea S Eo fo
Pl (L 0 n | 7 + L |2 B | T 7
[b] bi bu bi ba be ba bo [=] =8 sZu =i Za e E= =0
via o L a o | a0 tlm e | T e | T M
[v] | i o vi | va | we | va | vo (]| e tu i ta te (=) o
CRES SR SR SR S s ~E SR ¢ | el 6BB 6l | 7| el | B 65
(K3} ik | T | ti ta te t> o 1| & | g | Ci Ca e o | Co
e R E O F|FE | T P A A& A | A A A 2
(K1 CH cu &ci ca Ce Ca co ["1| pi pu i Pa pe Pa o
h i B SN A= e SN B e i s A A A A | A A 2
[h] ha hu hi ha he ha ho [ts]| s&# su si sa se sa SO
n k r A = o £ e e 9L 9 % a r
[n] ni | o | ni mna e na no [ts]| s&a Su Si Sa Se =1 | So
wm Y | R | R | T E Y| T | & A e e e
] | nyd | nyu | nyi | nya| nye | nys | nyo [f] £z fu i fa fe =1 | fo
A A AL A s A A L i i M S NS
[?1 | "a “u i a | e " o [p1| P& pu pi pa pe pa | po
ale L i a e = =] ale 5] i a e = =]
[e/2] [w] Lil | [a] | [e] |[#9] | [a/o] [=/2]] [u] Lil La] =] [liwa] (o]
a | b em e 2 |a, | dL | k| P
(™a] | [h™a] | [m™a] | [s™a)) [rral|[s™a)| [Fral (kK] (k™)
S +~ | a. | a. | L S S o
[k™a] | [k™ve] [[k™ifa] [b™a]|[v™a] [*™a] | [W¥a] | [h™a]] [h™i]
= o | G| & A he | ne | om
[B~al | [he] | [hide] | ([n™al vval] [(Pa] | [K™a] | [K™i] | [K™al
0. o e O~ A H | T | H. | M
[k™e] [k™ifm] [h™a] | [h™i] [h™a]l[h™e]| [h™ifa]) [=™a] | [37al
A, | Tt | A | T | | en
[=""a] [B™al | [2™2] | [gWi] [s™al [2™el [™iu]| [val (Y™ ~a)
.| AL & T
[p™7al [s™a] | [fa] ([p™al

78| Page



Appendix F: Amharic Punctuation

< section mark

* word separator

== full stop (period)

2 colon

*— preface colon

= question mark

¥ comma i paragraph separator
: semicolon
Appendix G: Some of Amharic Number
Western Greek Coptic Ethiopic Ethiopic
Numeral Numeral Numeral Numeral Syllable
1 a’ A & A
2 p’ B (4 n
3 Y r [y 1
4 o A o
5 g 'S z v
6 S’ o % i
7 c Z 2 H
8 n H b h
9 6 = i m
10 y 1 1 ¢
20 K’ K ) n
30 N N ) A
40 vy ™ 7] av
50 v’ N q 7
60 g = i w
70 o’ o e 0
80 ™ T i .
90 Qo q g ) A
100 P P [ +
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Appendix H: Some of Amharic stop-word list

[‘AB’PAB T Abe-b AT I0RG T AT AT Y T APE T I T AATU T ACAL P HAIAY P 01 T 0T P e
ATU PR TR P 0 P RO P RAGT 0RO P A, IO PRI P AT P RRIN P GATF OO DR

G AR i AR A VMR T MV T A R VT RVMERY VT KRR i MR 1 A T TORERS T AR 0 2 SR T NANER - | B
AFOF AAD T YNLO T PAD T aPALA T PRCIN T RRLT F TIRLV TV T RIL H O AT 1 P P 029>
FYONTORID ERTR RO T ASA T AT O AN T AL ar A ORI T 0P T HUNGT N
AN TNAR I NI TN T ORAR T OAT @ 1AL T RTRIT T R TS T NI T AL A

VI RHE T a0 10 T AIOY D R T U F TTTE DI F PRI T RO TR IRTF O T PR T Mg,
AR T RIRHY P AT R4 T FaPAAR T AARY T RAP T AU F R T RTFAN T RI0A L I0FA E
AP a0 P RGO E @D PP P\ P UAYY E N P U0 P AP P ALY P AT P angye e
AT 97 AP A0 P AT D AT P AR PP DALY PN IC D AN PACN P AT P AT
PRACRE AL RGP RT T P RIAC ey P 02790 P P P HIL TR nFA® P 0y P R e E
1 PRICH DTV DPF P eMNPN PNAPN PP P U D ATPR D AR P 1912 NAT P aPALA P - S
PRGN P IPT P NATL P NTISTFO9R P O P APAT DAY P HY PP U PP PR P (AL
PR P ANG P RPIOY P Ao P P AADY P hAMT P AARA P AANT P LA P QPG P 9 P AN P (LIP
9% R8P RAADY P NUAT PP REY P PR PRI P NPT AN D UTY P ATABL T AMAD 00,
VI~ AR P00 D AN P P10 P a0 PCR@- P APS P 199 LS P ALY F 0 P 0114 P ALt
PArO P uEY PR P OAILY P NTIGFO9R P NINL0 P (AL P NAL AT P LRIY P AAN P P Ae
T O NP0 PRI DT 00 P AN T AT P AMLNT P AP0 P AT 1A A D 0,
PR PARIY PRPGA P NIHY P PUN PRI P AP R P RILDY PRI P AATISTFO9 P AAHLU- T AT
LT ARIHU P AAPPOT P3N P ATHY AT @92 AR08 P G @ " nC A P P PRy P ARLL @ F

AHU- P ARICAIY P AHUS D’ F D0 P APHTE P hadt 2 0FAL P 1A DAY P TIGTF 079 P hANC E

PIIRNAT P ATUIO T RUT P PHY P TIGFD-9Y P NARNT P a0 P PN’ P ALY P PATF DY AP E AN
TRAPT P LI T LY P RILT AT P U P ORHE P A AR P IR P A0 T PTIR
PAATT PAF@ T QU PRI P AN PC P 9P P RIS T 09100 P RE P R PAPTY P AT e o

N’ RO AR P eILTADY T NTL10° T RUI P AT P AN P AT P AT P AT AT
OYHU P ORZEHY AP P (LIPS P PTLRIY P ATIGTF D92 PR P RIHYT ¥ (LR ¥ (U-Akg® P A I8
Y PP P eTIGED-9 D QU P RRTLY P (100 Acd™ P (ITIHY P U P AR S 1A PS P ALY a0 PG

O IGO0 P UAE P AT P hAR TR P AR P QoA P OANC AT P RO P AN P Nen P
IHLUIP P ATC D AN D AP AN P AIRPT P QYT O P NRATHY P NATHUY P 0ATPR P 0L PP ]
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Appendix I: Amharic ABSA Hotel Reviews Annotation Guidelines

Aspect Based Sentiment Analysis (ABSA)

Hotel Reviews Annotation Guidelines

Introduction

The objective of this annotation(labeling) guideline task is to recognize opinions expressed inside
of the Hotel review towards particular their feature/Aspect. This labeling strategy is performed by
using an Ambharic linguistic expert. A feature/Aspect to be assessed can be (a) the restaurant as an
entire, (b) it's ambiance (climate), (c) its area(location), (d) the service is given, (e) the food, (f)
the drinks that are advertised, and (g) the price. In specific, given a Hotel review, the task of the

annotator is to recognize the following sorts of information:
For the Hotel Review data, two types of information need to be annotated by the three annotators:

1. Aspect/Feature terms

Single or multiword words naming particular aspects of the target aspect. For instance, in
“KINNCET WG OCHETT OLF INC 17 90T AADLL 190", the aspect terms are ““A1dnt”,
“0¢5F and “9ea0”; in <o nnge emema> the only aspect term is “9®9-01”. The task of the
annotator is to identify the aspect discussed in a sentence given the following aspect categories:
rtd(Hotel)

A1h0et(service)

hee(price)

7091 (food)

aom(drink)

Ahaq.(Location)

-+ F F + #

£a-N(ambiance) (sentences referring to the atmosphere and the environment of a
hotel)

anecdotes/miscellaneous (sentences that do not belong to the above four categories)

—
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A sentence may be classified into one or more aspects based on its overall meaning. For example,
the sentence “vrbi @& 1@« * o7 oo+ ANI° P4 10C” discusses the aspect categories “v-k4” and
“goa11”, But this research only focused on single polarity(+ or -) determination for one or more
aspect

2. Aspect/ Feature term polarity Determination

Each Feature/aspect term has to commit one of the following polarities based on the sentiment that
is described in the sentence about it:

0 K13 ®(positive)

0 AtvJ®(negative)

o Neutral

For example, in “gP NM9° PamAad:=", the aspect term “g°9-0 has negative(fimAd), and “ePmem-
L0 2AA:=”, the aspect term “epmt “has positive (20 £AQ).

Annotation guidelines for aspect terms

» 9°91(FOOD) for opinions focusing on the food in general or in terms of specific dishes, dining

L)

options, etc. Below are some examples:
1L eAFo- 0M9° 4 0 O O{an}
2. 990 NNg° QAP 101Gz O {9oN}
3. THO- 74 10C = O0{gN}

s am7(DRINKS) for opinions focusing on the drinks in general or in terms of specific drinks,
drinking options, etc. Below are some examples:
L 9 Tg 1@ F AL apE M4k R+ [111{9°9M1: a7}
2. P@L7 HCHC 04 £A AS ANLSE 1@ [1[1{e°mT}
3. ma AOLLT T4 QUG {PmT}]

% R1M\I-+(SERVICE) for comment focusing on the promptness and quality of the
customer/kitchen/ service, the staff’s attitude. , the food preparation, the staff’s attitude, and
professionalism, the wait time, the options offered (e.g. takeout), etc. Below are some
examples:

1L PPbe A0t 20 eAAs O {A10 10T}
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X/
°e

2-Q-1(AMBIENCE) for opinions focusing on the atmosphere or the environment of the
restaurant’s interior or exterior space (e.g. terrace, yard, garden), the décor, entertainment
options, etc. Here are some examples:
L @AM QOGP 9O xS PP+ -0 D {ean}
2. Pavavq(L@ h&A £A av<H.P 0o1.09°C - =[] [1{&aN}
s AL (LOCATION) for opinions focusing on the location of the reviewed restaurant in terms
of its position, the surroundings, the view, etc. Below are some examples:
1. ALJF® ANLGE 10+ T AG PO+ NMYI° T4 1@ [ [1{ANANIIIN}
2. PtevFF 0 jo-: [ {hhan}

< UPBA(HOTEL) for opinions evaluating the hotel as a whole.

1L e PCT UBA o= D{rEA}
2. 9V 0F AL 0 PhA: I {PEA}

% h&2(PRICES) for opinions that refer to the prices of the food, the drinks, or the hotel in general
e.g.
1. TA®- NM9P° @-L o= ]{hef}
2. @mmE (NP 0L ¢Fo-={hef}

Annotation guidelines for Polarity terms

A sentence has to be assigned a polarity, from a set P = {positive, negative, neutral}. Adjectives
are words that describe or modify other words, making your writing and speaking much more
specific, and a whole lot more interesting. There is a positive and negative word list in Appendix
E and Appendix F.

1. U770 P8 [J{a P}

2. PULM&T 9o 1@< [ {hP 13T}

3. amma- 9% [ {A TP}

4. 9°7 AR o9 1@ {Neutral}
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Appendix J: Implementation of Removing Irrelevant Characters

Text Preprocessing Fhase

M  STOPWORDS = stopwords.words(r'C:\Users\yewe\AppData‘\Roaming\nltk_data\corpora\stopwords\stopwordyo.txt')
def clean_text(x):
#convert all data into Llower Letter
x = str(x).lower()
#remove punctuation, specialchracter,symbol

punc="[<>¢rwn="#IEEN " ()*+, -/ ;<=2 2@\ ] { | bredisiie-ph BT DAL TR G T O |

%= x.translate(str.maketrans('", "', punc))

#remove English_ alphanumeric_characters

al="[812345678%abcdefghijklmnopgrstuvwxyz]’

x=x.translate(str.maketrans(' ", "',al))

#remove emoji

emoji_pattern = re.compile("[
u"\UBaB1F68e-\UBBBL1FE4F"
u"\UB8B1F380-\UBBBLF5FF"
u"\UBBB1FEe80-\UBBBLFEFF"
u”\UBBe1F1ELG-\UBBEL1F1FF"
u"\Ugeea27e2-\Ueeea278a"
u"\UBgeaz4c2-\UseelrF251"
"1+", flags=re.UNICODE)

x = emoji_pattern .sub(r'’',x)

#remove stop words

x=" ".join([word for word in str(x).split() if word not in STOPWORDS])
x = x.replace(’.", " <PERIOD> ')
¥ = x.replace(',", ' <COMMA>")
X = x.replace('"', ' <QUOTATION_MARK> ")
¥ = x.replace(';", " <SEMICOLOM> ')
X = x.replace('!", " <EXCLAMATION_MARK> 'ﬂ
% = x.replace('?', " <QUESTION_MARK> ")
x = x.replace('(', ' <LEFT_PAREN> "}
¥ = x.replace(’)", ' <RIGHT_PAREN> ")
¥ = x.replace('--", '<HYPHENS>")
¥ = x.replace('?', " <QUESTION_MARK> ")
% = x.replace('=", ' <PERIOD> ")
¥ = x.replace('f', " <PERIOD> ")
# text = text.replace( '\n’, ' <NEW_LINE> ')
¥ = x.replace(':", ')
X = X.replace('i'," <SEMICOLON> ")
¥ = x.replace(’..",  <HYPHENS> ")
® = x.replace('["," <SQUARE_LEFT_PAREN> ")
¥ = x.replace(']"," <SQUARE_RIGHT_PAREN> ")
return x
df[ 'comment'] = df['comment’].apply(lambda x: clean_text(x))
df.head()
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Appendix K: Implementation of Normalization of Amharic Character

M def clean text(x):

hi=['v', 'v','Z"', '0', %', W', V']
h2=["h', "', "', ‘&', ‘&', ‘4", "h"]
h3=["%',"+", "', "2, '"%', "1, '"%']
al=['h", "&', 'R', "A", 'R, "A", 'A"]
a2=['o', '0-', '&', 'a', 'g', '0', '#£']
sil=['a', """, "A','a",'a’,'n’,'a"]

s2=[ "w', tot et eyt eyt et et )
ti=['e','s", 'L, "9, "%, '8, &’
t2=['2','&", 'a', ‘&', '&", '&", '&']

for 1 in range(len(hl)):

x=x.replace(h3[1],h1[i])
x=x.replace(h2[1],h1[1])
x=x.replace(t2[1],t1[i])
x=x.replace(s2[1],s1[1])
x=x.replace(a2[i],al[i])
return x

df[ 'comment'] = df['comment'].apply(lambda x: clean text(x))

df .head()
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Appendix L: Implementation of Normalizing of Confusion Matrix

title option=[("confusion matrix, without normalization of SVM Model Based on Countvectorizer",None),
("normalized confusion matrix of SVM Model Based on Countvectorizer”, "true')]
for title,normalize in title option:
disp=plot confusion matrix(sm,X test,y test,display labels=df,cmap=plt.cm.Blues,normalize=normalize)
disp.ax_.set title(title)
print(title)
print(disp.confusion_matrix)
plt.show()

86|Page



