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Abstract

Opinions are so important that whenever we need to make a decision, we want to hear other’s
opinions. This is not only true for individuals but also for organizations. Due to the rapid
growth of opinionated documents, reviews and posts on the Web, the need for finding relevant
sources, extract related sentences with opinions, summarize them and organize them to useful
form is becoming very high. Sentiment mining can play an important role in satisfying these
needs. The process of sentiment mining involves categorizing an opinionated document into
predefined categories such as positive, negative or neutral based on the sentiment terms that
appear within the opinionated document. In this research work, a sentiment mining model is
proposed for determining the sentiments expressed in an opinionated Amharic texts or reviews.
The polarity classification or semantic orientation of the opinionated texts can be positive,
negative or neutral. The system designed based on the proposed model detects positive and
negative sentiment terms including contextual valence shifters such as negations and assigns an
initial polarity weight to all detected sentiment terms in order to determine the polarity
classification of the opinionated text. The lexica of Amharic sentiment terms are used to
identify and assign initial polarity value to the sentiment terms detected. A prototype system is
developed to validate the proposed model and the algorithms designed. Tests on the prototype
are done using movie and newspaper reviews where the result obtained with these test data is

very much encouraging.

Keywords: opinions, sentiments, sentiment mining from opinionated Amharic texts, polarity

classification from opinionated Amharic texts, sentiment lexicon, opinionated Amharic text
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CHAPTER ONE

1. INTRODUCTION
1.1. Overview

An important part of our information-gathering behavior has always been to find out what
other people think about an issue. With the growing availability and popularity of opinion-rich
resources such as online review sites and personal blogs, new opportunities and challenges
arise as people now can, and do, actively use information technologies to seek and understand
the opinion of others [1]. The ability to automatically extract and classify opinions from texts
would be enormously helpful to individuals, business intelligence, government intelligence and
others in decision making. Extracted opinion also can be used effectively by recommendation
and collaboration systems. A collaboration system helps users to explore recommendations
from various viewpoints. Given ratings and reviewers from reviews, this system provides
virtual reviewers that represent particular view points and recommendations [2, 3].

Opinion mining, which is also known as sentiment analysis, emotion mining, attitude mining or
subjectivity mining [2], is a hot research discipline which is concerned with the computational
study of opinions, sentiments and emotions expressed in an opinionated text. Why is opinion
mining important now? It is mainly because of the web, which is full of huge volume of
opinionated text.

Sentiment mining can be done at sentence level, document level or feature level. In sentence
level opinion mining, there are two tasks: the subjectivity classification and sentiment
classification. The first is concerned with subjectivity and objectivity classification. Sentences
are classified into pre-defined binary classification subjective sentence (e.g. it is such a nice
phone) or objective sentence (e.g. | bought an iPhone a few days ago). The sentiment
classification is concerned with polarity classification. The sentences are classified as positive
(e.g. it is just a nice phone), negative (e.g. the phone broke in two days) or neutral
classification. The document level sentiment classification is concerned with classifying the
document based on the overall opinion expressed by the opinion holder as positive, negative
and neutral. At the feature level sentiment mining, commented features are identified, extracted
and the sentiment towards these features is determined [4]. In this research our focus is on

document level sentiment classification of Amharic texts such as movie reviews.
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1.2. Statement of the Problem

One of the main reasons for the lack of study on opinions is the fact that there were little
opinionated texts available before the World Wide Web. Before the Web, when an individual
needed to make a decision, he/she typically asked for opinions from friends and families. When
an organization wanted to find the opinions of sentiments of the general public about its
products and services, it conducted opinion polls, surveys, and focus groups. However, with
the Web, especially with the explosive growth of the user generated content on the Web in the
past few years, the world has transformed [5].

We can have different opinion search queries for different purposes such as to:
1. Find opinion of a person or organization on a particular object or feature of the

object (e.g. what is Obama’s opinion on abortion).
2. Find positive, negative or neutral opinion on a particular object (e.g. customers’
opinion on a digital camera, public opinion on political topic) and
3. Determine how object A compares with object B (e.g. gmail versus hotmail).
As online business is becoming more and more popular, the quantity of reviews toward
products given by customers is growing rapidly as well. Hence it is difficult for a customer,
seller or the producer to read all of the reviews and make a reasonable decision when she/he is
facing the problem whether to purchase a certain product / use certain service or not [4]. Due to
the availability of opinion rich documents on review sites, forums, discussion groups, blogs
etc, there are too many opinions and reviews to be read which is very difficult and hence
traditional techniques are inadequate. So there is a need for good sampling and classification
techniques for these reviews and opinions. For this reason many researches on sentiment
analysis have been done and are being under taken for English and other languages such as
French [6]. But to the extent of my knowledge, sentiment classification of Amharic documents
has never been studied even though the amount of opinionated Amharic documents on the web
is increasing [7]. Therefore, this study investigates and aims to develop a sentiment

classification model for opinionated Amharic texts.
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1.3. Motivation

For specific opinion search queries that are of the same nature with finding positive, negative
or neutral opinion on a particular object, we can have Amharic opinion queries such as “¢e1.7.00
AATNEAT 0A A%O OPmS o0 7 Ad-HeeF hAFa@. 27 where the collected review could be
positive such as (“0 A%0 AN LAY &N CH TIC ANTLLT NP g 1@< P AJPGAD-:=",
negative opinions such as “2% A0&C HA® ao&1% ALYP79° =7 or neutral (that contains both
negative and positive opinions with the same strength or weight). So we can analyze these
opinions for the purpose of decision making. “e4A9° A&PCET AN ‘CPILT 188 €.2° LAI® I°7
Alrk£eT AnFaL” the collected opinions may be positive such as “£catg® 1 ¢4 0N L
LAz O PI9° 11)9° 1ooFREA " | negative opinions such as “NAm$AL adav: A hdtavFige: or
neutral (that contains both positive and negative opinions with the same strength or weight).
Therefore in this research we are going to investigate the possibilities of developing an
Amharic Sentiment Mining model that will be able to automatically analyze the sentiment of

huge amount of collected reviews prior to making decisions.

1.4. Objectives

The general and specific objectives of this study are given below:
General Objective: the general objective of this research work is to design and develop a
sentiment mining model for opinionated Amharic documents.
Specific Objectives: the specific objectives of this research work are:
e Analysis of the general structure of Amharic statements related to opinions and
sentiments such as identifying negative, positive and neutral statements.
e Analyze the relationship between opinions and Amharic words and their intensity
or strength.
e Design a model for sentiment mining from Amharic opinionated texts.
¢ Building of both domain specific and general purpose lexicon of Amharic language
opinion terms where these terms are tagged as positive (+), negative (-),
overstatement (>) understatement (<) or negation (Negate).
e Develop necessary algorithms to realize the proposed model in developing an
Ambharic sentiment mining model.
e Develop a prototype to demonstrate that the model designed is valid.

e Evaluate the model designed using movies reviews.
3|Page



1.5. Scope and Limitations

Opinion mining is a complex and recent research discipline that requires the effective analysis
and processing of documents. Since there are no publicly available Natural Language
Processing (NLP) tools and other resources for Amharic language that can be integrated with
our model, the scope of our research work is:

e Limited to sentiment (polarity) mining (only positive, negative or neutral)
classification. i.e. it doesn’t cover subjective or objective classification.

e We use domain specific review texts that are grammatically checked and organized.

e The opinion holder identification and reasons for positive and negative classifications
are not covered in this research work.

e  Attention is given to most common Amharic words used to express opinions “p4: Lf
eANT NaP® p&: am\hge of+” for positive opinions and “eope @ ARaBFg® : A ALGAJ®
oh +” for negative opinions. Because of their complicated nature, Amharic expressions
such as “#z 2® A1 .01¢” are out of the scope of this research work.

e Opinion spam detection, the process of detecting fake reviews, is not covered in this
research work as it is a very complicated problem. Fake reviews are reviews that
contain false positive or malicious negative opinions [4, 8].

1.6. Methodology

Literature review

Opinion mining related literatures from different sources such as published papers, journal
articles and other materials are reviewed in detail to get better understanding of the area and to
have detail knowledge on the various techniques of sentiment mining.

Analysis of existing opinion based texts in Amharic
Since this research work is mainly concerned with opinionated Amharic texts, it was
compulsory to analyze the nature of Amharic documents that contain opinions. Therefore rules
and methods were proposed to identify or categorize Amharic opinion terms.

Lexicon of Opinion terms
The proposed model is fully dependent on the lexicon of Amharic opinion terms. This lexicon
contains Amharic opinion terms tagged as positive (+), negative (-), negations (negate),
overstatement (>) or understatement (<). Negations and intensifiers (overstatements and

understatement) are collectively known as contextual valence shifters. Those terms change the
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initial value of a sentiment term. Negations are terms that can change the semantic orientation
of a term. Basically these terms switch a positive term to negative term and vice versa as in 7¢-
(good) is positive while 7¢ Ae.497 (not good) is negative due to the contextual valence shifter
term Ae.497 (not). Intensifiers are terms that change the degree of the expressed sentiment. For
example, in the sentence ‘4.ae>- ANg° 74 1@’ (the film is very good), the terms NMg® 14 (very
good) are more positive than just “r4” (good) alone [9].

We have built two lexica of opinion terms. These are: Domain specific lexicon and General
purpose lexicon. The domain specific lexicon contains opinion terms restricted to a specific
domain (e.g. movie reviews domain). The general purpose lexicon contains opinion terms of
Amharic language terms which are not restricted to a specific domain (this lexicon is to be used
by any domain such as products reviews, movie reviews, hotel reviews etc). The procedures
and guidelines of building the lexica are given in chapter four.

Data Source

Most of the datasets (reviews) used for conducting the experiment are manually collected from
Cinemas in Addis Ababa and previously collected reviews by undergraduate students of the
department of Theatrical arts at Addis Ababa University. The rest of the dataset is collected

from www.habeshafilms.com [10].

Prototyping
In order to test the proposed model, we have developed a prototype. We built a lexicon of
opinion terms according to the procedures and guidelines for implementing the prototype. This
lexicon of terms is then integrated for manipulation and prototyping.

1.7. Procedures

Different components and development stages (phases) are employed in developing the
Amharic sentiment mining model. Three main tasks are involved throughout this research
work. These tasks are: linguistic related (Amharic) studies, building Amharic opinion terms
lexicon and programming language (implementation) related tasks. The linguistic related study
includes studying the structure of Amharic statements related to opinion expressions while the
lexicon construction is concerned with building a dictionary of opinion terms and assigning
prior polarity value. The last one refers to choosing suitable working environment and

implementing the prototype.
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1.8. Application of Results

In the current business and political situations, knowing what other people think is a
determinant factor in decision making. Hence, the Amharic Sentiment Mining model can be
used for different purposes. Some of them are:

e Business and organizations (product review mining and service analysis, market
intelligence) can use the system to reduce the money spent to find consumer’s
sentiment and opinions.

¢ Individuals (who are interested in other’s opinion, can use it when purchasing a product

such as in the case of www.epinions.com [11], using a service or finding opinions on

political topics).

e Government intelligence can use the system for mining opinions of people on a
particular issue.

e The system can be used to classify movie reviews as positive, negative or neutral.

e The system can be used to answer opinion questions. For instance, what is the
international reaction to the 4™ Ethiopian national election conducted on May 23, 2010?

1.9. Thesis organization

The remainder of this thesis report is organized as follows. Chapter two introduces an overview
of opinion mining (sentiment mining) and the different techniques used in sentiment mining
researches. Moreover, the general steps in sentiment mining are also discussed in this chapter.
Chapter three presents reviews of related researches conducted on opinion mining/sentiment
mining. In this chapter, in depth reviews of researches done on sentiment mining using
different techniques for different languages is presented. Chapter four describes the general
architecture of the proposed model for the Amharic sentiment mining model and the
construction of Amharic sentiment terms lexicon. In addition, implementation related issues
such as pre-processing, dictionary/lexicon integration and classification are also explained in
the same chapter. Chapter five presents the experimental results of the proposed model in
general and the different algorithms in particular. Finally, future works, recommendations and

conclusions are given in the last chapter.
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CHAPTER TWO

2. LITERATURE REVIEW
2.1. Introduction

The two main types of textual information available in any texts are: facts and opinions. Facts
are objective statements about entities and events in the world but opinions are subjective
statements that reflect people’s sentiments or perceptions about the entities and events.
Automatic sentiment analysis in texts, also called opinion mining, has attracted considerable
attention in recent years, primarily because of its potential use in marketing study. It aims to
answer questions such as ‘is the customer who sent a mail to an after-sale service particularly
dissatisfied?’,” are the opinions about product posted in blogs positive or negative?’, what is
the image of political party or leader in the press?’. All these questions, which are related to the
way something is presented or evaluated in a text, are particularly difficult for traditional
information extraction techniques [12], which are interested with factual information. The
sudden eruption of activity in the area of opinion mining and sentiment analysis, which deals
with the computational treatment of opinion, sentiment and subjectivity in the text, has
occurred at least in a part as a direct response to the surge of interest in new systems that deal
directly with opinions as a first class object [1]. In this chapter a clear description of the area,
the methodology, languages and related issues is given.

Opinions or sentiments

Opinion is a private state that is not open to objective observation or verification. It is defined
as a person’s idea and thought towards something and it is an assessment, judgment or
evaluation of something [13]. The web contains a wealth of opinions about products,
politicians, and more, which are expressed in newsgroup posts, review sites, and elsewhere.
These opinions are so important that whenever we need to make a decision, we always need to
hear other’s opinions. As a result the problem of opinion mining has seen increasing attention
[14].
Opinion words

Opinion words such as positive (e.g. beautiful, wonderful...), or negative (e.g. bad, poor,
terrible...) are instrumental for sentiment mining. Some opinion words are context independent

(e.g. good) while some are context dependent (e.g. increase, it is positive for the employees
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when it refers to increase in salary and negative for taxpayers if it refers to increase in tax)
[15].
Types of opinion words

According to [16], there are three types of opinion words. These are personal emotion (e.g.
happy, delighted, proud, sad, angry, horrified, etc), appreciation (flexible, stable, efficient,
reduced, ideal, backward, poor, highest etc) and judgment (e.g. active, decisive, caring,
dedicated, intelligent, negligent, evil, etc). Bing Liu [5] divided opinion words into two types,
the base types and comparative types. Base types of opinion words are used to express desired
or undesired states (e.g. wonderful, poor, etc) where as comparative types of opinion words are
used to express comparative or superlative opinions (e.g. better, worse, best, etc).

Context valence shifters

Context valence shifters are terms that cause the valence of a sentiment term to shift from one
pole to the other or, less forcefully, to modify the valence towards a more neutral. Negations
are the most obvious valence shifters. “Not” flips the valence of a term. In addition to “not”,
negations can belong to various classes. Simple negations include never, none, nobody,
nowhere, nothing, neither ...” As in:

John is clever versus john is not clever

John is successful at tennis versus john is never successful at tennis
Of course for a shift in attitude to take place there has to be an attitude expressed in the first
place. A simple sentence such as “john is home” might express a simple fact without betraying
an attitude (i.e. the attitude score is 0). When negated, as in “john is not home”, there is no shift
in attitude (i.e. the negation of 0 is 0). Combining positive words with a negation such as “not”

flips the positive valence to a negative valence [9].

Components of an opinion

The basic components of an opinion are: opinion holder, object and the actual opinion. Opinion
holder refers to the person or the organization that holds a specific opinion on a particular
object. The object refers to which an opinion is expressed while the opinion is the view,
attitude or appraisal on an object from the opinion holder. Example: John said that the scanner
is slow. Here john is the opinion holder, scanner is the object and slow is the actual opinion or

sentiment towards the scanner [13].
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Sentiment mining

Sentiment mining is an area of text mining that has recently received a lot of attention due to
the amount of opinion information that resides in web documents. It is concerned with the
identification of opinions in a text and their classification as positive, negative and neutral.
Sentiment mining refers to a broad area of natural language processing, computational
linguistics and text mining that aims to determine the attitude of a speaker or writer with
respect to some topic [17]. Feiyu XU & Xiwen Cheng [13] Defined sentiment mining as a
recent disciple at the cross roads of information retrieval, text mining and computational
linguistics which tries to detect the opinions expressed in the natural language texts. Sentiment
mining is a complex field as it involves the processing and interpretation of natural language.
Hence it must deal with natural languages’ inherently ambiguous natures, the importance of
context, and other complications that do not lend themselves to automation. The following
example demonstrates how important and difficult to get the idea expressed in a given
statement. “Just go read the book”, if this is mentioned regarding a book, this could be
considered a recommendation. But if it is in reference to a film adaption of a book, it would
seem to suggest the film is not worth watching [18].
Main sentiment mining activities

The main activities needed for building a sentiment mining system are: development of
linguistic resources (e.g. build a lexicon of subjective terms), classification of text (entire
documents, sentences) based on their content (e.g. classifying a news article either as positive
or negative in relation to the subject), extraction of opinion expression from text, including
relations with the rest of content (e.g. recognizing an opinion, who is expressing it, who/what is
the target of the opinion), mining tools and visualization tools to extract meaningful
information from the mined articles based on the sentiment tags [16].

Levels of sentiment mining

The sentiment mining process could be conducted on three different levels: document level,
sentence level, or feature level. In the sequel, each of them is discussed [13].

Sentiment mining on document level: here, document is classified into positive, negative or
neutral based on the overall sentiment expressed by the opinion holder with the assumption that
each document focuses on a single object and contains opinion from a single opinion holder

(e.g. “I bought an iPhone a few days ago. It was such a nice phone. The touch screen was
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really cool. The voice quality was clear too. Although the battery life was not long, that is ok
for me. However, my mother was mad with me as | did not tell her before | bought the phone.
She also thought the phone was too expensive, and wanted me to return it to the shop. ...”) [4].
Sentiment mining on sentence level: contains two basic tasks: the subjectivity classification
and sentiment classification. The subjective classification is concerned with classifying
sentences as objective (e.g. ““I bought an iPhone a few days ago”) or subjective (e.g. “it is such
a nice iPhone”). The sentiment classification is concerned with the subjective sentence to
classify as positive (e.g. “it is such a nice iPhone”) or negative (e.g. “the battery life of the
phone was not long”) or neutral.

Sentiment mining at feature level: in this level, commented features are identified and
extracted and the sentiment towards these features is determined. Sentiment classification at
both document level and sentence level are not enough to tell what people like and/or dislike,
because a positive opinion on an object does not mean that the opinion holder likes everything
(e.g. “the touch screen was really cool” where the ‘touch screen’ is the feature of an iPhone).
Similarly a negative opinion on an object does not mean that the opinion holder dislikes
everything (e.g. “the phone was too expensive” where ‘price’ is a feature of an iPhone).
However, some people are not very interested about features; they just want to know the
general information about an object [19].

General Sentiment mining tasks

In general the tasks of sentiment mining are: determining document subjectivity, determining
document polarity and determining strength of document orientation [20].

Determining document subjectivity: deciding whether a given text has a factual nature or
expresses an opinion on its subject matter. This amounts to performing binary text
categorization under categories of objective and subjective.

Determining document polarity: decides if a given subjective text expresses positive,
negative or neutral opinion on its subject matter.

Determining strength of document orientation: decides whether the positive opinion
expressed by a text on its subject matter is weakly positive, mildly positive or strongly positive.
Similarly decides whether the negative opinion expressed by a text on its subject matter is

weakly negative, mildly negative or strongly negative.
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Components of sentiment mining

Subjectivity mining: is the linguistic expression of somebody’s opinion, sentiments, emotions,
evaluations and beliefs. The subjectivity analysis classifies content into objective or subjective.
Polarity mining: attempts to identify the opinion or sentiment that a person may hold towards
an object and classifies it as positive, negative or neutral [21].

Opinion spam

Reviews are used by potential customers to find opinions of existing users before deciding to
purchase a product or use a service. They are also used by product manufacturers to identify
problems of their products and to find competitive intelligence information about their
competitors. But unfortunately, this importance of reviews also gives good incentives for spam,
which contains false positive (giving undeserving positive opinions to some target products in
order to promote them) and malicious negative opinions (giving unjust negative reviews to
some other products in order to damage their reputation) [8].

2.2. Sentiment mining techniques

There are a number of different approaches that have been used in an attempt to solve the
problem of sentiment classification. One of the most widely used methods involves classifying
a single word or phrase with sentiment, and then calculating an overall sentiment rating for a
target document using some weighting [18]. The most commonly applied techniques for
sentiment mining are described as follows.

2.2.1. Machine learning techniques

Machine learning treats sentiment classification simply as a special case of topic based
categorization (with the two topics being positive sentiment and negative sentiment). The
traditional topic based categorization attempts to sort documents according to their subject
matter (e.g. sports vs. politics). The three standard machine learning algorithms commonly
used for sentiment classification are Naive Bayes (NB) classification, maximum entropy (ME)
classification and support vector machine (SVM) classification [22]. According to the work of
B. Pang et al. [22], the experimental results produced via machine learning techniques are
quite good. In terms of relative performance, NB tends to work the worst and SVM tends to
work the best although the differences are not very large. While machine learning techniques
have been found to produce good results, there are associated disadvantages. Machine learning
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classification is dependent on the training data so that there is little indication of how the
classification would perform in more general cases. The gathering of such a training set is
tough, as it involves the gathering and human classification of huge number of different
documents. In addition, with machine learning algorithm, it could be difficult to incorporate
contextual valence shifters [23].

2.2.2. Natural language processing techniques

There are a number of different language analysis techniques that fall under the umbrella of
natural language processing, of which the most common are: part of speech (POS) tagging, co-
reference resolution and full syntactic parse tree. POS tagging is the process of labeling word
occurrences with its world class. For example, whether a word is occurring as an adjective,
noun, or verb. Effective tagging requires knowledge of not just the word but also its context,
such as position within the sentences and surrounding word. Hidden markov model is a
common technique which is used in POS tagging. To avoid constantly referring a subject by
name, natural language usually contains alternative words that can be used when referring to a
previously mentioned subject. Corefernce resolution is used for automating the process of
connecting such references. Creating parse tree for natural languages is another central area of
study in NLP. Parsing is related to POS tagging as determining sentences structure requires
knowledge of which sense words are being used. ‘Chunking’, a simplified form of parsing that
doesn’t analyze sentences in as much depth, can be used in place of parsing for some
applications [18].
2.2. 3.Linguistic techniques

Others have approached the sentiment mining problem in different angle, believing that the
complexity of natural language make the existence of a general solution to sentiment problems
unlikely. These instead focus on specific sentence or test, such as use of linguistics in attempt
to classify for conditional sentences in combination with machine learning techniques. For a
topic so intrinsically linked with natural language, the use of linguistics in sentiment
classification is surprisingly limited, though there are some cases where it has been applied
successfully [24]. It should be noted though that even when linguistic methods are used, it is

often in combination with machine learning techniques [18].

2.2.4. Ontology based techniques
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Ontology defines the common words and concepts (the meaning) used to describe and
represent an area of knowledge. This definition has two parts: describing and representing an
area of knowledge, defining the common words and concepts of the description [25]. Ontology
appears specially promising for sentiment mining. The use of ontology has the potential to
refine and improve the process of sentiment mining by identifying specific properties of a
domain as well as relationships between different concepts from that domain [26]. Ontology
itself is an explicitly defined reference model of application domain with the purpose of
improving information consistency and knowledge sharing. It describes the semantics of a
domain both in human-understandable and computer processable way. In general, opinion
mining is quite context sensitive, and at a coarser granularity, quite domain dependent. As a
result a fine grain approach for opinion mining is needed [19].

2.2.5. lexicon-based techniques

This technique uses sentiment and subjective lexicon of terms. The basic idea behind this
system is to classify reviews based on how many positive and negative terms are present in the
document. This is based on a rule-based classifier where if there are more positive than
negative terms then it is considered to be positive. If there are more negative than positive
terms then it is considered to be negative. If there is equal number of positive and negative
terms then it is neutral. When using this technique, it is relatively easy to incorporate
contextual valence shifters [23]. The performance of this technique depends on the
effectiveness of the lexicon of opinion terms. The main resource used for identifying positive
and negative terms in English is the General Inquirer (GI) [27]. Gl is a system which lists terms
as well as different senses for the terms. For each sense it provides a short definition as well as
other information about the term. This includes tags that label the term as being positive,
negative, a negation term, an overstatement, or an understatement. Some researchers as in [23]
add extra terms from other resources such as the Choose the Right Word (CTRW) [28]. CTRW
is a dictionary of synonyms. Adding extra opinion terms from different sources strengthens the
efficiency of the lexicon. The capabilities of this technique are employed in this research work.

2.3. General steps in lexicon-based sentiment mining
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In this subsection, the general steps in the lexicon based sentiment mining technique are
discussed in short. This is because our research employs lexicon based approach.
Text collection

Sentiment mining starts with collecting raw texts. This can be done manually or automatically
from the internet.

Text pre-processing

Noises that do not express contents are cleaned in this process. It includes word segmentation
and POS tagging [19]. In this research work, tokenization and normalization are the activities
done during the review pre-processing step.

Polarity words detection

This step relies on a lexicon of tagged positive and negative sentiment terms which are used to
quantify positive/ negative sentiments. This tagged lexicon provides a readily interpretable
positive and negative polarity values for a set of ‘affective/sentiment’ terms. In this step every
word content is checked whether it is a polarity word defined is in the sentiment lexicon and
get the corresponding sentiment polarity if found [20].

Weight assignment and propagation

In this step, every polarity word and modifier get the initial weight defined in the sentiment
lexicon. If the word is linked to a modifier, the polarity value is multiplied by a coefficient [20]
or some value is added to the initial value [23].

Classification
In this step, the text document or review is classified as positive, negative or neutral based on

the numerical results obtained from the previous steps.

2.4. Opinion lexicon generation

Opinion words are employed in many sentiment classification tasks. Opinion words are also
known as polar words, opinion-bearing words and sentiment words. To compile or collect the
opinion words list, three main approaches have been investigated: manual approach, dictionary
based approach and corpus-based approach [5].

2.4.1. Manual Approach
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This approach is just a process of hand picking sentiment words from different sources with
the goal of populating a lexicon with polar words. This manual approach is very time
consuming and it is usually combined with automated approaches as the final check because
automated methods make mistakes. The opinion words lexicon used in [29] are manually hand-
picked based on a reading of several thousand messages. In the work of J. Yi et al. [30], they
collected a sentiment lexicon of 3000 English sentiment terms manually from different sources.
The General Inquirer (Gl), dictionary of affect of language (DAL) [31] and Wordnet were the
main sources and 2500 of the total terms are adjectives.

2.4.2. Dictionary based approaches

One of the techniques in this approach is based on bootstrapping using a small set of seed
opinion words and online dictionary, e.g. WordNet [32]. The strategy is to first collect a small
set of opinion words manually with known orientations, and then to grow this set by searching
in the online dictionary for their synonyms and antonyms. The newly found words are added to
the seed list. The next iteration starts. The iteration stops when no more new words are found.
After the process completes, manual inspection can be carried out to remove and/or correct
errors. The dictionary based approach and opinion words collected has major shortcomings.
The approach is unable to find opinion words with domain specific orientations, which is quiet
common. For example, for a speakerphone, if it is quiet, it is usually negative. However, for a
car, if it is quiet, it is positive.

2.4.3. Corpus based approach

Corpus based approach rely on syntactic or co-occurrence patterns and also a seed list of
opinion words to find other opinion words in a large corpus. The technique starts with a list of
seed opinion adjectives words, and uses a set of linguistic constraints of conventions on
connectives to identify additional adjective opinion words and their orientations. One of the
constraints is about conjunction (AND), which says that conjoined adjectives usually have the
same orientation. For example, in the sentence “this car is beautiful and spacious,” if
“beautiful” is known to be positive, it can be inferred that “spacious” is also positive. This is so
because people usually express the same opinion on both sides of a conjunction. The following
sentence is rather unnatural, “this car is beautiful and difficult to derive”, if it is changed to
“this car is beautiful but difficult to derive”, it becomes acceptable. Rules or constraints can
also be designed for other connectives; OR, BUT, EITHER-OR, and NEITHER-NOR. This

idea is called sentiment consistency.
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2.5. Basic rules of opinions

A rule of opinion is an implication with an expression on the left and an implied opinion on the
right. The expression is a conceptual one as it represents a concept, which can be expressed in
many ways in actual sentence. The application of opinion words/phrases can also be
represented as such rules. Let Neg be negative opinion word/phrase and Pos be positive
opinion word/phrase. The rules for applying opinion words/phrases in a sentence are given as
follows.

1: Neg—> Negative

2: Pos—> Positive

These rules say that Neg implies a negative opinion (denoted by Negative) and Pos implies a
positive opinion (denoted by Positive) in a sentence. The effect of negations can be represented
as well:

3: Negation Neg->Positive

4: Negation Pos—> Negative
These rules state that negated opinion words/phrases take their opposite orientation in a
sentence. Other related rules are also outlined as follows.
Deviation from the norm or some desired value change: in some domains, an object feature
may have an expected or desired value rang or norm. If it is above and or below the normal
range, it is negative, e.g. “this drug causes low (or high) blood pressure”. We then have the
following rules.

5: Desired value range—>Positive

6: Below or above desired value range->Negative
Decreased and increased quantities of opinionated items: This set rule is to the negation rules
above. Decreasing or increasing the quantities associated with some opinionated items may
change the orientation of the opinions. For example, “this drug reduced may pain rapidly
significantly.” Here pain is a negative opinion word, and the reduction of “pain” indicated a
desired effect of the drug. Hence the decreased pain implies a positive opinion on the drug. The
concept of decreasing also extends to “removal” or “disappearance”. e.g.” my pain has
disappeared after taking the drug”.

7: Decreased Neg—>Positive

8: Decreased Pos—>Negative
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9: Increased Neg->Negative

10: Increased Pos—>Positive
The last rules may not be as such very important as there is no change of orientation.
Producing and consuming resources and wastes: If an object produces resources, it is positive.
If it consumes resources, especially a large quantity of them, it is negative. For example,
“money” is a resource. The sentence, “Company-x charges a lot of money” gives a negative
opinion on “Company x”. Likewise, if an object produces wastes, it is negative. If it consumes
wastes, it is positive. These give us the following rules:

11. Consume resource — Negative

12. Produce resource — Positive

13. Consume waste — Positive

14. Produce waste — Negative
These basic rules can also be combined to produce compound rules, e.g., “Consume decreased
waste —Negative” which is a combination of rules 7 and 13. To build a practical system, all
these rules and their combinations need to be considered. As noted above, these are conceptual
rules. They can be expressed in many ways using different words and phrases in an actual text,
and in different domains they may also manifest differently. However, by no means, it is
claimed these are the only basic rules that govern expressions of positive and negative
opinions. With further research, additional new rules may be discovered and the current rules
may be refined or revised. Neither it is claimed that any manifestation of such rules imply
opinions in a sentence. Like opinion words and phrases, just because a rule is satisfied in a
sentence does not mean that it actually is expressing an opinion, which makes sentiment

analysis a very challenging task [5].

2.6. Summary
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In this chapter, the two different types of textual information, opinions, opinion words, and
components of opinions are explained. Opinion mining, levels of sentiment mining, sentiment
mining main tasks and components of sentiment mining are also described in the same chapter.
In addition, the different techniques of sentiment mining that includes machine learning,
natural language processing, linguistic techniques, ontology based and lexicon based are
discussed. The general steps in lexicon based sentiment mining are highlighted where the high
level steps are: text collection, pre-processing, polarity words detection, weight assign and
propagation, and classification. The different approaches for building a sentiment lexicon that
includes manual approach, dictionary based and corpus based approach are also described in

this chapter. Finally, the basic rules of opinions are also described in detail.

CHAPTER THREE
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3. RELATED WORKS

In this chapter, sentiment mining related researches done for different language opinionated
documents such as English [33] [23] [34], Chinese [20] and French [6] using different
techniques and approaches are reviewed. Different authors used different techniques such as
machine learning [33], ontology based approaches [34], lexicon-based approaches [23] [20]
and others [35]. In addition to the techniques, the employed approaches, goals, motivation,
domain, target language, dataset source, procedures, experimental results, performance, and
challenges are the main points given focus when going through the different works.

3.1. Sentiment mining from opinionated English texts

Sandeep Balijepalli [33] used machine learning technique to categorize opinionated English
documents taken from political blogs based on their sentiments and determine the polarity
strength of the sentiments. Contents collected from the political domain are made to pass
through pattern matching (Nave Bayes filter, bag of words and part of speech tagging) for
obtaining the sentiment oriented sentences which are later to be indexed. The index helps to
avoid the delays in fetching the data.

The framework proposed by Sandeep gets contents from the database of blogs, pass the
sentences to the sentence chunker for stripping unrelated data, then the sentence is passed
through filters for filtering out objective sentences and classifying subjective sentences, index
opinionated sentences, divide results by bloggers party and finally sort them by their polarity
strength. In the above approach, filter analysis is done by making sentences to pass through the
pattern recognizer first for checking the sentences if they follow the custom developed
subjective pattern. If the sentence matches the pattern, it is indexed otherwise it is passed
through Nave Bayes (unigram, bigram) for further analysis where this filter depends on the
training dataset. If the sentence is not indexed at this filter, it again passes through the part of
speech tagging and if the sentence is found to be subjective, it is indexed otherwise it is
considered as objective sentence and it is skipped. Then, other sentence undergoes the entire
procedure. The experimental result shows that the system performs well with unigram
approach.

Alistair Kennedy and Diana Inkpen [23] proposed a method that counts positive and negative

terms but also takes contextual valence shifters such as negations and intensifiers into account.

19|Page



Two approaches are compared in their work. The first approach simply counts positive and
negative terms where the review is positive if the review contains more positive than negative
terms. Review is negative if it contains more negative than positive terms. A review is neutral
if it contains equal number of positive and negative terms. The term counting method can be
easily modified to use valence shifters. The second method counts positive and negative terms,
but takes contextual valence shifters into account. Their approaches are classified as basic (uses
the first approach) and improved one (uses the second approach).

The main lexicon used in this work was the General Inquirer (Gl) though they added extra
terms from other sources. As the authors stated, their motivation to use this approach was to
see the effect of incorporating contextual valence shifters to the basic method of sentiment
classification. The data sets they for experimental purpose are taken from two sources. The first

data set is taken from www.epinions.com [11]. Epinions.com is a general consumer review

site. The data set taken contains 70 positive and 70 negative reviews. The reviews were
collected from a variety of different products, including air conditioners, sewing machine,
vacuums cleaners, TVs, cookware, beer and wine. The second data set is a movie reviews that
contains 2000 reviews, 1000 positive and 1000 negative taken from other movie review
sources.

The experimental result indicated that the proposed approaches perform well as indicated in the
following. The basic approach using Gl lexicon gives an accuracy of 0.679 for product reviews
and 0.595 for movie reviews. The improved method using Gl lexicon gives an accuracy of
0.686 for product reviews and 0.627 for movie reviews. The experimental results of adding
extra terms from other resources to Gl are also given in their work and some improvements are
shown. In most cases the method of classification performs better when classifying product
reviews than movie reviews. This is because movie reviews are known to be more difficult to
classify than other reviews such as product reviews [36].

Lili Zhao and Chunping Li [34] used ontology based opinion mining for movie reviews with
the goal of improving feature level opinion mining by employing ontology. The use of this
approach was motivated by the role of ontology in conceptualizing domain specific
information. The main components of the proposed approach are: text collection (movie
reviews), preprocessing, feature identification, polarity identification and sentiment analysis
with the support of ontology development. Like others the polarity identification fully relies on
a lexicon of tagged positive and negative sentiment terms which are used to quantify

20|Page



positive/negative sentiment. For this purpose SntiwN [37] was used as it provides a readily
interpretable positive and negative polarity values for a set of *affective’ terms.

The target of the ontology development is to define common terminologies in the area, and
give the definition of the relationship among the terminologies. Iterative approach is used for
developing the ontology following two steps. The first step is selecting the relevant sentences
including concepts and the second step is extracting the concepts from those sentences. Criteria
used for selecting the sentences are: the sentences that contain conjunction word and sentences
that contain at least one concept seed. At the initial state, manually labeled feature are used as
seeds. Randomly selected 1400 movie reviews from internet movie database (IMDB) [38] were
used as dataset where half of them are positive and the other half are negative. The
experimental results indicate that the accuracy is satisfying, and proves that it is reasonable to
compute the polarity score by the proposed method where the main factor is found to be the
ontology structure. Even though this work is ontology based, it depends on the lexicon of
opinion terms for assigning weights to the sentiment terms. Ontology is basically needed for
feature extraction.

3.2. Sentiment mining from opinionated non- English texts

Xiaoying Xu et al. [20] on their work titled “categorizing term’s subjectivity and polarity
manually for opinion mining”, proposed principles and guidelines to create a large-scale
Chinese sentiment lexicon for opinion mining manually. Two experiments are conducted in
their work: the first experiment is conducted to investigate the reliability of manual subjectivity
labeling of the terms. The second experiment is conducted to see the effectiveness of the
lexicon in judging the polarity of subjective sentences.

In this paper, it is indicated that for establishing the first and large scale human tagging
Chinese sentiment lexicon, the agreement of different annotators and the reliability in sentence
polarity judging system are key issues. As a result annotation principles and guidelines are
needed to be established. The principles in tagging the terms subjectivity and polarity
established by the authors are: the terms should be opinion mining oriented, the lexicon built
will be used only in the subjective sentence in opinion mining and the word will indicate
polarity in the subjective sentence. A clear guideline in annotating the sentiment word and
qualified annotators are needed for realizing the principles of building the lexicon. During the
tagging campaign and lexicon building, the main resource used was HowNet [39]. HowNet is

an on-line common-sense knowledge base unveiling inter-conceptual relations and inter-
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attribute relations of concepts as connoting in lexicons of the Chinese and their English
equivalent. According to their analysis the answer they gave to the question “what kind of word
can be selected in the lexicon?” is ‘if a term has subjective meaning either in concept meaning
or in emotion meaning overtone, and it can indicate the polarity in subjective sentence, it must
be selected in our lexicon.

The experimental results for the first experiment show that the polarity of word sense can be
reliability annotated in despite of the polarity ambiguous in words is common Chinese, and
also because of its large-scale it could be very useful fundamental resource in opinion mining
and other related fields. To evaluate the lexicon in real applications (the second experiment),
they built simple sentence sentiment recognition system that contains text pre-processing,
polarity words detection and weight assign, link construction and polarity propagation. The text
pre-processing is used to segment words and tag POSs. In the polarity words detection, every
polarity word is checked whether it is polarity word defined in the sentiment lexicon and get
the corresponding sentiment polarity if found. Every polarity word and modifier word get the
initial weight defined in the sentiment lexicon. If the polarity word is linked to a modifier
word, the polarity value should be multiplied by a coefficient in the polarity propagation step.
The results of the second experiment show that using the sentiment lexicon it can achieve an
accuracy of more than 70%.

Sigrid Maurel et al. [6] used a combined approach (combination of symbolic and statistical) for
the classification of opinionated texts in the French language. The symbolic approach includes
systems for extracting information adapted to the corpora based on the rules of syntactic and
semantic analyzer. This approach analyzes texts sentence by sentence and extracts relationships
that convey feelings. Statistical method is based on machine learning techniques. It process text
in a single step and assigns a global opinion at the whole text at the end. The hybrid approach
is used in their work to increase the quality of the results. As they indicated the experimental
results show that combination of statistical and symbolic (hybrid) approaches gives more
accurate results than either method used separately.

3.3. Review’s spam detection

Evaluative texts on the Web have become a valuable source of opinions. Existing research has
been focused on classification and summarization of opinions. An important issue that has been
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neglected so far is opinion spam or trustworthiness of online opinions [35]. Nitin Jindal and
Bing Liu [8] attempted to study review’s spam and spam detections. Spam review contains
false positive or malicious negative opinions. They proposed duplicate finding and
classification techniques to detect spam reviews. The duplicate approach is based on duplicate
reviews using the shingle method [54] with similarity score of >0.9. The classification
approach is based on 2-class classifications: spam and non-spam. As they indicated, the

experiment on the manufactured products review domain showed promising results.

3.4. Summary

This chapter reviewed different research attempts to solve the problem of sentiment mining for
different languages. The review showed that machine learning, ontology based and lexicon-
based are the commonly used approaches to deal with sentiment mining. The works reviewed
indicated that the approaches except the machine learning rely on tagged list of positive or
negative sentiment terms to identify the polarity of terms. The machine learning technique is
based on the concept of training the machine to learn to classify opinionated texts into
predefined categories of positive, negative or neutral. Ontology is employed particularly to
extract feature of an object for the purpose of refining feature level sentiment analysis. The
lexicon based approaches are based on the concept of counting the sentiment terms available in

the opinionated texts.

CHAPTER FOUR

4. DESIGN AND IMPLEMENTATION
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4.1. Introduction

In this chapter, the design and implementation of the proposed sentiment mining model for
opinionated Amharic texts is described in detail. The proposed model has the following
components: pre-processing, sentiment word detection, weight manipulation, polarity
classification and polarity strength (post-polarity classification analysis). Each component is
composed of sub components which are the building blocks of the system. Pre-processing is
responsible for normalization of reviews and words segmentation. In the sentiment words
detection component, all possible sentiment words and contextual valence shifter terms are
checked for existence in the sentiment lexicon. The weight manipulation component contains
sub systems: weight assignment and polarity propagation. After the weight manipulation is
completed, the next step is the polarity classification of the reviews. The strength of the
polarity (whether it is positive or negative) is rated in the post-classification analysis step. The
sentiment word detection and weight manipulation activities are fully dependent on the lexicon
of Amharic opinion terms that contains opinion terms tagged with a readily interpretable
values. The procedures of building the sentiment lexica, the types of lexicon, the guidelines
and principles followed during the sentiment lexicon building process are also described in this
chapter. In addition, tools used for implementing the prototype and the proposed algorithms are
also presented.

3.2. General system architecture

The general architecture of the proposed model (sentiment mining model for opinionated
Amharic texts) is shown in figure 4.1. As shown in the Figure, the system contains different
components based on the processes required. These components are: pre-processing, sentiment
words detection, weight manipulation, polarity classification and post-classification analysis
(reviews polarity strength). The sentiment lexicon is also part of the general systems
architecture.
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Figure 4.1: The sentiment mining model for opinionated Ambharic texts

4.2.1. Pre-processing
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The first phase of the sentiment mining model for opinionated Amharic texts is the pre-
processing component. This component is responsible to accept the input review and produce a
set of terms after performing lexical analysis (tokenization) and normalization. For our work,
the pre-processing components needed are adopted from the work of [40]. The adopted
components are described below.

Tokenization
Tokenization is the first step in pre-processing of the input review. Tessema [40] used a string

tokenizer to construct words from a sequence of characters. The input for this activity is the
actual review which is going to be categorized. This activity reads a sequence of characters as a
string and tokenizes them using predefined list of delimiters such as new lines and space.
Normalization
After tokenization, it is normalization of homophones that is followed. Amharic writing system
has homophone characters, characters with same pronunciation but different symbols; for
example, it is common that the character f and #” are used interchangeably as a¢- and #7¢- to
mean work. Such types of inconsistencies in writing words are handled by replacing characters
of the same sound by a common symbol. The normalization handles:

e The replacement of Amharic alphabets that have the same pronunciation and use, but

different representation with common alphabet.

e Short forms of characters that are usually written using forward slash “/”) and period
(“.™), for example, m®ae 1. 70-+C can be written as m/99..0-HC A4.0 A0N as A.4 and &hC
as &/c.
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4.2.2. Detection of sentiment words

This activity is responsible for detecting polarity terms and contextual valence shifter terms.
After the review is preprocessed, every valid term in the review is checked whether it is
sentiment word or not. This is done by a simple detection mechanism where the whole lexicon
is scanned for every term. If the term exists in the dictionary, then the term is a polarity word
(positive or negative) or a contextual valence shifter (negation or intensifier). Polarity words
are terms that can express opinions towards an object such as ‘14’ (good) that expresses
positive opinion and ‘erpe’’ (bad) that expresses negative opinion towards an object. These
terms are properly tagged in the lexicon with computer interpretable values as “+’ for positive
opinion terms and ‘- for negative opinion terms. Then, if a term is found in the lexicon and if
its corresponding value is “+’, then this opinion term is positive. Similarly, if a term is found in
the lexicon and if its corresponding value is ‘-, then this opinion term is negative. As shown in
figure 4.1, there are two lexica of opinion terms: the domain specific lexicon and the general
purpose lexicon. This division is similar to the key sentiment words and general sentiment
words indicated as a future work in the work of [20].

The key sentiment word corresponds to domain specific lexicon and the general sentiment
word corresponds to general purpose lexicon. The terms in the domain specific lexicon can be
selected according to the characteristics of different domains such as product reviews, film
reviews, political opinions etc. In this work, we have a single domain specific lexicon of movie
reviews. This lexicon contains Amharic opinions terms that are used in movie reviews domain
such as ‘ame™’ (cheerful), ‘o°cr’ (best), ‘e1.eama’ (morbid), ‘ee1.2ad’ (funny) etc [41].

The general purpose lexicon, as its name indicates, is used for opinion mining system in any
domain. This is because the opinion terms in this lexicon are not restricted to specific domain
rather it contains any opinion terms in the Amharic language. As a result the valid terms in the
review are first checked in the domain specific lexicon with the assumption that both the
review and specific lexicon are from the same domain (e.g. movie reviews domain). Then if at
least a single term is found in the domain specific lexicon, the process continues to the next
step (weight assignment and polarity propagation) otherwise the general lexicon is scanned for
further search. If the term taken from the review is not found in both lexica, this term is
considered as non-sentiment word and it is discarded as such terms are not important in the

sentiment classification problem.
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Incorporating contextual valence shifters
There are two different aspects of valence shifting that are used to improve the basic system (a
system without considering contextual valence shifters). These are negations and intensifiers.
Negations are terms that reverse the sentiment polarity of a certain term [9]. For example
consider the following sentence ‘é.dev- ¢4 1@.” (the film is good) versus ‘4aa> 14 ALLAT
(the film is not good). In the first one ‘14’ (good) is a positive term so this sentence is positive.
When ‘A2LA9°° (not) is applied to the clause, ‘14’ (good) is being used in negative context and
so the sentence is negative.
Intensifiers are terms that change the degree of the expressed sentiment. For example, in the
sentence ‘&dov- (M9 14 1. (the film is very good), the terms nmg® 4 (very good) are more
positive than just ‘“r¢’ (good) alone. On the other side, in the sentence ‘e 74 (LWr79°° , the
term (Ur7® (even though), makes this statement less positive. These are examples of
overstatements and understatements. Overstatements are terms that increase the intensity of a
positive/negative term, while the understatements decrease the intensity of that term. Terms
that overstate or understate are also listed in our lexicon.
To identify overstatements and understatements, all positive sentiment terms in our model are
given a value of +2. If they are preceded by an overstatement in the same clause, then they are
given a value of +3. If they are followed by an understatement in the same clause, then they are
given a value of +1. Negative terms are given a value of -2 by default. If they are preceded by
an overstatement in the same clause, they are given a value of -3. If they are followed by an
understatement in the same clause, they are given a value of -1.

4.2.3. Weight assignment and polarity propagation

In this phase the main activities are: weight assignment and polarity propagation. All possible
sentiment terms are tagged in the lexica by ‘+’ and given a default value of +2 at run time. All
the negative sentiment terms are tagged by ‘- and given a default value of -2. Before the final
average polarity weight is calculated, the polarity propagation is done which is used to modify
the initial value of the sentiment terms. This modification of the initial value or weight is done
only if the sentiment word is linked to a modifier term (negations or intensifiers). The polarity
propagation is done according to the following rules.

Rule 1: if any polarity term is followed by a negation term, the initial polarity value or weight
of the term will be reversed.

28|Page



For example in the sentence ‘.o 14 42249°° (the film is not good), the sentiment term *p¢.’
(good) is given an initial value of 2. But due to the negation term ‘A2LA9°" (not), the polarity
value of the term is reversed to -2. Similarly, in the sentence “*&.daoo- avpg. h2LAJP (the film is
not bad), the sentiment term ‘eppg2” (bad) is given an initial value of -2. But due to the negation
terms ‘42LA9°" (not), the polarity value of that sentiment is reversed to +2.

Rule 2: if a positive sentiment terms is preceded by an overstatement term, then the initial
value of that terms is propagated from +2 to +3.

For example in the sentence ‘&ag» NM9® 4 1@’ (it is very good), due to the overstatement
term ‘amg®’ (very), the initial polarity value of the sentiment term ‘+4’(good) is increased by
+1 from +2 to +3.

Rule 3: if a positive sentiment term is followed by an understatement term, the initial value of
that term is decreased from +2 to +1.

For example in the sentence ‘&do» 4 (LU79°° (even though), the polarity weight of the
sentiment term ‘¢’ (good) is decreased from the initial value +2 to +1 due to the
understatement term (LF79°’ (even though).

Rule 4: if a negative sentiment term is preceded by an overstatement term, then the initial
value of the term is decreased by -1 from -2 to -3.

For example in the sentence ‘4aav- (Mg° aope 1@.( it is very bad), due to the overstatement
‘amge’ (very), the initial weight of the sentiment word ‘e’ ( bad) is decreased from -2 to -3.
Rule 5: if a negative sentiment term is followed by an undrstatement term, the initial weight of
that term is increased by +1.

For example in the sentence ‘&dg» aopg. (LUP79° (even though), the initial weight of the
sentiment term is increased from -2 to -1 due to the understatement term.

Rule 6: if a sentiment term is not linked to any contextual valence shifting term, the initially
assigned weight is considered for further process.

Rule 7: The contextual valence shifting terms are applied only to the nearest single sentiment
term.

4.2.4. Polarity classification

In this component as shown in figure 4.2, the criteria for classifying a review into predefined
categories: positive, negative or neutral are described in detail. The total polarity weight of a
review is calculated by adding the polarity weight of the individual sentiment terms in the

review by the formula given in equation 1 [23].
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Where, Rp is review polarity value, Tp is sentiment term polarity value, n is number of
sentiment terms within the given review and i is term instance.
According to the result of the equation, if the value of Rp is greater than zero then the review is
categorized into a predefined category positive. Similarly if the value of Rp is less than zero
then the review is categorized in to a predefined category negative. Finally if the total average
weight of all the individual terms is equal to zero, the review is categorized in to the category

neutral.

Figure 4.2: review polarity classification

For example in the sentence ‘a ¢ 74 ¢ &mé- @t &A1 @& OORF ¢ +n-tE0F AAPT (TP
e oM ¢ 3 a9 1 @, the sentiment terms are “r4.” with an initial value of +2, ‘e sin ¢ 33~
with an initial value of +2 but since it is preceded by an 'overstatement its value is +3.

Therefore the average weight is done as shown in Table 4.1.
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Table 4.1 sentiment terms’ polarity propagation example

Sentiment terms | Initial weight | Overstatement | Adjusted weight
P +2 +2
i (PAE +2 qmge +3
Total score +5
Category Positive

4.2.5. Review’s Polarity strength

Sentiment polarity strength determines how strongly a word is positive and also how strongly a
word is negative [42]. This is different from rating, which is concerned with generalizing
sentiment classification to fine-grained scales. Rating attempts to determine sentiment
classification using ratings such as “three star”, or “four stars” rather than simply determining

whether a review is “positive” or negative [43].

Wilson et al. [44] used different clues and mechanisms to determine the polarity strength of
individual opinion terms and phrases. But in our work, we devised a technique to determine the
polarity strength of the whole review instead of the individual sentiment terms. As a result, we
used a method that computes the absolute value of the total polarity weight of all the sentiment
terms within a given review to determine the polarity strength of the review. The computed
result corresponds to a five star scale. One star (*) indicates to weak polarity strength where as
five star (*****) indicates strong polarity strength. This figurative information helps an
individual to easily understand how strong positive or negative is a given review or how weak
positive or negative a given review is. No scale is used to indicate the strength of neutral
reviews. The polarity strength of every review is computed as follows. If the absolute value of
the computed total polarity weight equals to one, it corresponds to a one star scale and it
indicates that the review is weakly positive or weakly negative. If the computed absolute value
of the total polarity weight equals to two, it corresponds to two star scales so that this indicates
that the review’s polarity is medium. If the computed absolute of the total polarity weight is
equals to three, it corresponds to a three star scale and indicates the review’s strong positivity
or strong negativity. And finally, if the absolute value of the computed total polarity weight of

31|Page



all the sentiment terms in the given review equals or greater than four, it corresponds to four or
five star scale and indicates that the review is very strong positive or very strong negative. Both
four and five star denotes very strong polarity with different degrees.

4.3. Implementation

In this sub section, the Amharic sentiment lexicon building issues, the tools used for
implementing the prototype, the procedures to integrate the different components, the proposed
algorithm, the input review, output result and other related issues are described.

4.3.1. Building sentiment lexicon

The quality of lexicon-based sentiment classification systems depend on the effectiveness of
the sentiment lexicon [45]. As a result we have followed some principles and guidelines when
building the sentiment lexicon. In addition to the principles and guidelines, different sources
and mechanisms are used to build the sentiment lexicon as there are no publicly available
resources in Amharic language that can be used and integrated with our model.

The main resource we used is the subjectivity lexicon of OpinionFinder [46], which contains a
list of English subjectivity terms compiled from several sources [47]. The terms in the lexicon
are tagged as strong subjective or weak subjective. A clue which is subjective in most context
is considered strongly subjective, and those that may only have certain subjective usages are
considered weakly subjective. Moreover, the words length, part of speech (POS), and the prior
polarity value (positive, negative or neutral) are also given accordingly. The sample of this
lexicon is given in Appendix A. This subjectivity lexicon was used in the work of Theresa
Wilson et al. [47] for recognizing contextual polarity in phrase-level sentiment analysis. Then,
we took these subjectivity terms which are above 8000 words and we translated to their
corresponding Amharic meaning using the SelamSoft electronic Amharic-English dictionary
software [41]. This is a web based dictionary that works properly in both directions (English to
Amharic and Amharic to English] as shown in figure 4.3. The objective of translating the
English terms to Amharic is to find the corresponding possible subjective or sentiment terms in
Amharic. Before going to the dictionary, we devised criteria for selecting terms from the
subjectivity lexicon we used as a source. The two main criteria we used are: the strong
subjectivity and POS value. Terms which indicate strong subjectivity and have POS value of

adjective are given high priority for selection. The selection of terms using the criteria helps us
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reduce the size of the subjectivity lexicon so that only the selected terms are translated. As a

result more than 3000 words are selected using the criteria.
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Figure 4.3 SelamSoft electronic English-Amharic dictionary used for sentiment translations

Furthermore, hard copy Amharic dictionary “497¢% aet10 $a+” published by Addis Ababa

University [48] was used to collect additional Amharic sentiment terms. This process was done

by two post-graduate students at Addis Ababa University in the department of languages and

literatures. They used the dictionary to collect the opinion terms based on the following

guidelines.

e A term that can express subjectivity (positive or negative) independent of any other

term is selected into the sentiment lexicon.

e Terms that have a POS value of Adjective or noun are given priority.

e Only the most commonly used contextual valence shifter terms are selected

Accordingly, 895 Amharic terms are collected from the first process (through translation)

where 392 of them are positive (+) and the rest 503 are negative (-). From the second process,
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393 Amharic opinion terms are collected where 159 of them are positive (+) and the rest 234
are negative (-).

From a total of 1,288 Ambharic opinion terms collected from the two processes, duplicated
terms are removed and 955 terms remained as a list of final lexicon where 411 of them are
positive(+) and the rest 544 are negative (-). Finally, these Amharic opinion terms are validated
by a professional from the Linguistics Department at Addis Ababa University. Some of the list
of the collected Amharic opinion terms and the approval letter are presented in Appendix E.

As opinion mining systems are quiet domain dependent [1], a small sized additional movie
reviews specific lexicon is also built that contains 97 terms. The purpose of this domain
specific lexicon is to improve the effectiveness of the proposed model in the domain selected
for evaluation. This is because some opinion words indicate different polarities in different
domains. For example, the word “148” as in “Na® 742" is positive in movie reviews domain

where as in other domains such as Law it is negative as in “ri 198”.

4.3.2. Lexicon building guidelines

When building the lexicon of Amharic opinion terms, we established principles and guidelines
as follows:

e Every sentiment term is selected considering the opinion mining orientation.

e The lexicon will be used only in Amharic sentiment classification systems.

e The word should indicate polarity in any subjective sentences.

It was found in many researches that adjectives are important indicators of subjectivities and
opinions [5]. As a result:
e Terms with POS value of adjective are given high priority when selecting them to the
Amharic sentiment lexicon in both the above processes.
As far as my knowledge, at this time there is no publicly available literature that clearly
describes the opinion expressing Amharic terms and their properties. As a result:
e In the first process, only terms found in the dictionary are selected to our lexicon.
Similarly, in the second process the terms considered as sentiment terms by the
students’ level of knowledge are selected to our lexicon.

e Commonly used and unambiguous contextual valence shifter terms are considered.
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From the collected Amharic sentiment terms, sentiment terms that are ambiguous to annotate
their prior polarity are removed before approval. Some of the ambiguous Amharic sentiment
terms removed are: ‘PAQ’, ‘hRTAGC', TP, ‘OCeT, AT, 'haL’.. etc. The removal of these
terms from our sentiment lexicon doesn’t mean that these sentiment terms are no more
important. But, through further analysis of different domain and discussion with professionals
of the language, the ambiguity of the sentiment terms can be solved.

4.3.3. Tools

In order to achieve our objective, we used different environments and tools. Python
programming language is used to develop the prototype. Python is an interpreted, object
oriented, high level programming language with a dynamic semantics. It’s high-level built in
data structures, combined with dynamic typing and dynamic binding; make it very attractive
for Rapid Application Development, as well as for use as a scripting or glue language to
connect existing components together [49]. The python programming language is a
dynamically typed, object oriented, interpreted language and it is great for natural language
processing (NLP) because it is simple, easy to debug (exceptions and interpreted language),
easy to structure (modules and object oriented) and powerful for string manipulation.

We used python 3.0.1 version because it is possible to use encodings different than ASCII in
python source files. As a result, Amharic language characters are directly interpreted by python
3.0.1 and above versions without the need to go for transliteration or feeding the Unicode
representation of the characters. All the source codes and rules of the prototype are written in
python 3.0.1 compatible format because this version doesn’t support backward compatibility.
The SelamSoft electronic Amharic English dictionary software is used as main resource for

building the Amharic sentiment lexicon.

Dictionary representation

Dictionary is a useful built in data type into python. Regular python dictionaries iterate over a
key: value pairs in an arbitrary order. Dictionaries are sometimes found in other languages as
“associative memories” or “associative arrays”. Unlike sequences, which are indexed by a
range of numbers, dictionaries are indexed by keys, which can be any immutable type; strings
and numbers can always be keys. Tuples can be used as keys if they contain only strings,
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numbers, or tuples. If tuple contains any mutable object directly or indirectly, it cannot be used
as keys. Dictionaries in python are an unordered set of keys: values pairs, with the requirement
that the keys are unique (with one dictionary). A pair of braces creates an empty dictionary: {}.
Placing a comma separated list of key: value pairs within the braces adds initial key: value
pairs to the dictionary. The main operations on a dictionary are storing a value with some key
and extracting the value given by the keys [51].

The sentiment terms in our lexicon are written in a text file according to the dictionary syntax
of python 3.0.1 where the syntax is: {“key”:” value”, . . .}. The “key” attribute represents the
sentiment terms where as the “value” represents the corresponding initial polarity value of the
sentiment term. For example the list of Amharic sentiment terms: “r<¢- +, 07 +, eP¢ -, ?701-‘can
be formulated into a python 3.0.1 dictionary as follows: {“®¢ “"+”, “07" “+7, “oope” —*,
“p70" "-*,} but in older versions of python this dictionary is formulated as : {*74 “:’+’, ‘07"
+7, foope’ =) 1’ -’} Sample of the dictionary representation of the Amharic sentiment

terms used in this research work is given in Appendix B.

The lexicon of sentiment terms (dictionary) can be put within the source code or can be
imported as a text file at run time. Therefore for each key its corresponding value is returned
for further process. As a result for each Amharic sentiment terms in the input review (key), the
whole dictionary is scanned for its corresponding value. Sample of the input review data is
given in figure 4.4.
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Figure 4.4 sample movie reviews input

The corresponding output of the movie review sample input given above is given in figure 4.5
as follows
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Figure 4.5 sample of polarity classified movie reviews

Sample of review polarity classification with its polarity strength is given in figure 4.6.
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Figure 4.6 sample classified reviews with polarity strength

Sample of the prototype that shows accepting opinionated Amharic text inputs from the user
through the data input widget and returning the polarity classification of the input opinionated
Amharic text is given in figure 4.7. This demo indicates that the user or reviewer can write
his/her comments or opinions in Amharic towards a target of object in the input text widget
through their terminal or computer and submit so that the opinion can be pre-processed,
classified and can be used for further analysis.
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Figure 4.7 sample of accepting review from user and its polarity classification

Similarly, sample of the prototype that shows browsing Amharic opinionated texts from file
and their polarity classifications are presented in figure 4.8. Large number of reviews or
opinionated texts can be collected manually or automatically and stored in file. This large
number of opinionated texts can be processed and classified at once. In this case, each
opinionated text is processed and labeled with its polarity category as positive, negative or
neutral and final statistical data that shows the number of positive opinionated texts, negative
opinionated text and neutral opinionated texts of the total is generated so that this data can be
used for further analysis and decision making. This is what the simple prototype in figure 4.8
tries to show.
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Figure 4.8 sample of browsing Amharic opinionated texts and their classification results

4.3.4. The Proposed Algorithms

Given a pre-processed review, the proposed sentiment mining model operates in three steps.
First it takes tokenized and normalized review terms and checks them if they bear sentiment.
This is done by checking the existence of the terms in the dictionary of sentiment terms. Next
the sentiment terms are assigned initial polarity weight and polarity propagation is done if the
sentiment terms are linked to contextual valence shifter terms. Finally, the review assigned into
a predefined categories: positive (+), negative (-) or neutral based on the total weight obtained
from the previous step. The high level view of the proposed algorithms that show how the
sentiment terms are detected, classified and how the sentiment polarity value is propagated is

given as follows.
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Algorithm 4.1: review’s sentiment detection and polarity classification
1. For every pre-processed reviews R

2. For every term T in the review R, checks its existence in the lexicon of

sentiments D
3. Ifaterm T exists in the dictionary D
3.1. Its corresponding initial polarity weight Tpi is given
3.2. If it is linked to a contextual valence shifter term C
3.2.1. The initial polarity value Tpi of the term is propagated

3.3. Add all the polarity weights of the individual terms to get review

polarity value Rp

3.4. If the total polarity weight Rp is greater than 0, then the review is
categorized into predefined category positive (+)

3.5. If the total polarity weight Rp is less than zero, then the review is

assigned into a predefined category negative (-)
3.6. Else the review is assigned into a predefined category of neutral.

4. Else the review is assigned into a unclassified class because there are no

sentiment terms Ts in the given review
Sentiment polarity propagation

The process of polarity propagation is done only if the sentiment terms T is linked to a
contextual valence shifter terms C. accordingly, the procedures during the polarity propagation

is given as follows.
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Algorithm 4.2: Sentiment polarity propagation

1. For every sentiment term T in review R
2. If asentiment term T is linked to contextual valence term C

1.1. If a sentiment term T is linked to a negative contextual valence term
C, then the prior polarity value of the term T is reversed from Tpi to
—Tpi.

1.2. If the sentiment term T is linked to overstatement contextual valence
shifter term C, then the prior polarity value of the term T is modified
from Tpi to Tpi +1 (for positive sentiment terms) and from Tpi to
Tpi-1(for negative sentiment terms)

1.3. If the sentiment term T is linked to understatement contextual
valence shifter C, then the prior polarity value of the term is
modified from Tpi to Tpi-1( for positive sentiment terms) and from
Tpi to Tpi+1 (for negative sentiment terms)

3. Else the initial polarity value of the term Tpi is maintained
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4.4. Summary

In this chapter, we presented our proposal for the sentiment mining model of opinionated
Amharic texts. The architecture of the proposed model contains components: preprocessing,
sentiment words detection, weight assignment and propagation, polarity classification, polarity
strength representation and sentiment lexica. After the reviews are preprocessed, each term is
checked for existence in the sentiment lexica at the sentiment words detection component. The
detected sentiment terms are assigned weight and the values of sentiment terms that are linked
to contextual valence shifters are propagated in the weight assign and polarity propagation
component. Based on the weights of the sentiment values, the reviews are classified into
predefined categories: positive, negative or neutral. Finally, the polarity strength of the reviews
is rated.

In addition, the implementation related issues such as Amharic sentiment lexica construction,
guidelines for building the lexicon, the tools used for developing the prototype, the dictionary
representation of the sentiment terms and the proposed algorithms are presented in this chapter.
The sentiment lexica are built manually from different sources based on the principles and
guidelines. Python programming language and python 3.0.1 interpreter are used to develop the
prototype. The algorithm for sentiment polarity classification and the algorithm for sentiment
polarity value propagation are the proposed algorithms.
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CHAPTER FIVE
5. EXPERIMENTAL RESULTS

This chapter presents the experimental results of the developed prototype system. The
experimental setups/procedures, the evaluation parameters, results and discussions of are
presented in this chapter. The lack of readymade available resources such as lexicon of opinion
terms, data sources and well defined tools made conducting the experiment challenging.

5.1. Procedures and Experimental Setups

To evaluate the developed sentiment mining model for opinionated Amharic texts, we used
procedures and setups that include data collection, methods and manual classifications. These
are described in the subsequent sections.

5.1.1. Opinionated Data Collection

As indicated in the previous chapters, we have considered the movie reviews domain as a
major reviews domain for conducting the experiments. The main reason why we used the
movie reviews domain is due to the lack of readily available reviews written in Amharic
language. As a result it is relatively more easy and manageable to collect movie reviews
manually than any other domains. This is because it is possible to distribute questionnaires to
movie funs from the different cinemas in Addis Ababa. In addition, movie viewers can write
comments freely as compared to other domains such as politics. Hence most of the movie
reviews we used for conducting the experiments are collected manually. This is done by
preparing questionnaires and distributing them to the movie funs in the different cinemas in the
city of Addis Ababa. The questioners used and sample responses to the questioner are given in
Appendix C. The rest few movie reviews are collected from additional two sources. The first
source is habeshafilms.com, a recently published website for promoting the Ethiopian film
industry and allowing funs to leave their comments for a film they selected. The second source
is from a set of movie reviews collected by an undergraduate student of Department of
Theatrical Arts at Ababa University. The movies to be reviewed were randomly selected and
randomly distributed by the author. As a result a total of 254 movie reviews are collected from
all the sources described above.

In addition to the movie domain reviews, additional 49 reviews were taken from another
domain (newspaper reviews domain). These reviews collected from reporter [52], a local

Amharic bi-weekly news paper. The reviews were given by readers when the newspaper was
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celebrating its 1000™ edition. The purpose of using these additional reviews is to see the
performance of the system prototype developed in the different domains.

Movie reviews

Movie reviews are known to be more difficult with sentiment mining. This is because movie
reviews often contain many sentences with objective information about characters, directors or
actors of the movie. Although these sentences are not used to express the author’s opinion, they
may contain many positive and negative terms. In addition, movie reviews contain more
literary description than product reviews, which brings more implicit comments and results in
low performance [53].

According to [36], the unique characteristics of movie reviews is: when a person writes a
movie review, he/she probably comments not only movie elements (e.g. screen play, vision
effects, music) but also movie related people (e.g. director, script writer, actor) while in
product reviews, few people will care the issues like who has designed or manufactured the a
product. Therefore, commented features in a movie review are much richer than those product
reviews. As a result movie review mining is more challenging than other domains such as
product review mining.

5.2.2. Manual classification

This activity is concerned with labeling the reviews for experimental purpose. All the 301
reviews (both the movie domain and newspaper domain reviews) are manually categorized by
an independent individual from the domains into predefined categories: positive (+), negative
(), neutral (N) or unclassified (UN). If the given review is not related with the topic in target, it
is assigned into the unclassified (UN) category. As a result, 170 of the total movie reviews are
labeled as positive (+), 28 of them are labeled as negative (-), while the 29 reviews are labeled
as neutral (N) and finally, the rest 27 are unclassified reviews. Similarly, 32, 14, 2 and 1 are of
the total newspaper reviews that are labeled as positive, negative, neutral and unclassified
respectively. The manually classified reviews helped us in crosschecking with the results
obtained from our prototype system: sentiment mining model for opinionated Amharic texts.

5.3. Evaluation

This activity is responsible for describing the evaluation parameters of the designed model and
its results. Evaluation of the prototype system is made with the evaluation parameter that

compares the number of reviews which are categorized correctly and incorrectly. Typically, the
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comparison is done between the reviews categorized by the proposed prototype system and that
of the manually labeled (categorized) reviews.

Precision and recall, which are the evaluation parameters of information retrieval (IR), are used
in text classifications. Precision measures the exactness of a classifier. Precision is the ratio of
the number of reviews classified correctly to the total number of reviews in a given category. A
high precision means less false positive, while a lower precision means more false positives.

_TC
- TC + FC BEe oEEs o was owas oaws

Where, TC denotes the number of reviews which are classified correctly and FC denotes the

P <o e . €QuUation 2

number of reviews which are classified incorrectly.

Recall measures the completeness or sensitivity of a classifier. It is the ratio of TC and the
whole reviews belonging to the category. A high recall means less false negative, while lower
recall means more false negatives.

_TC
- TC + MC BEE oEas o war o wEs o was o was

Where, MC denotes the number of reviews which are missed by the classifier, i.e. neither

R ..o . ... .€Quation 3

classified correctly or incorrectly (unclassified category).
There is trade-off between precision and recall. Greater precision decreases recall and greater
recall leads to decreased precision. The F-measure is the harmonic mean of P and R and takes

account of both the measures. As a result, F-measure is defined as follows:

2PR

F= DR ...equation 4

5.4. Results

In this section, we present the experimental results of the three different experiments. The first
experiment (basic system) is done using a single general purpose dictionary without
considering the contextual valence shifter terms. The second experiment is conducted using
two sentiment lexica: the general purpose lexicon and the domain specific lexicon. And finally,
the result of the experiment conducted using the two lexica and considering the contextual
valence shifter terms. Comparison of all the different experimental results is also presented in
this section.

All the 254 movie reviews and 49 newspaper reviews are used for conducting all the
experiments. Each review was classified by the system prototype according to the procedures
described earlier and all the results were recorded. Then the results were compared with the
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manually labeled classifications. As a result, the results obtained for each experiment are given
as follows.
5.4.1. Experiment one: Basic system

This experiment used the standard lexicon of sentiment terms i.e. the general purpose Amharic
sentiment terms. The experiment is conducted for both movie and newspaper reviews domain.
The results measured by accuracy, precision, recall and F-measure for each domain and classes
is presented in table 5.1 as follows.

Table 5.1: Results of experiment one

System Reviews Class Precision | Recall | F-measure
Positive | 0.929 0.823 | 0.867
Movie Negative | 0.6 0.573 | 0.589
Basic system Positive | 0.93 0.9 0.914
Newspaper | Negative | 0.5 0.75 0.6

5.4.2. Experiment two: using general purpose and domain specific lexica

This experiment is conducted mainly to see the effect of using domain specific lexicon. As
indicated in chapter four, domain specific lexicon refers to the list of opinion terms specific to
a given domain such as movie, politics, economics, products etc. As a result, in this experiment
we used both the general purpose lexicon and movie reviews domain lexicon. Only the 254
movie reviews are used for the experimental purpose. This is because we didn’t build a lexicon
of opinion terms specific to newspaper reviews domain. As presented in table 5.2 with similar
measurements to that of experiment one, the results of this experiment show improvements
when compared with the results of experiment one on movie reviews. This improvement is
mainly due to the use of the domain specific lexicon in addition to the general purpose lexicon

of terms.
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Table 5.2: results of experiment two

System Reviews | Class Precision | Recall | F-measure
Positive | 0.937 0.943 0.939
Basic + domain Movie Negative | 0.62 0.78 0.69

lexicon

5.4.3. Experiment three: using both lexica and contextual valence shifter terms

This is the last experiment conducted considering the contextual valence shifter terms into
account. As explained in the precious chapters, contextual valence shifter terms are terms that
change the initial polarity value of a term or modify the initial value polarity value of a term.
As a result, this experiment is done by using domain specific lexicon, general purpose lexicon
and the contextual valence shifter terms for the movie review. Only the general purpose
lexicon and the contextual valence shifter are used for the newspaper reviews. Therefore, the
results of this experiment are presented in table 5.3 as follows using the measurements similar
to the above experiments.
Table 5.3 results of experiment three

System Reviews class precision | Recall | F-measure
Positive | 0.943 0.949 |0.945
complete Movie Negative | 0.666 0.842 | 0.743
General lexicon Positive | 0.93 0.900 |0.914
+ valence shifters | Newspaper | Negative | 0.500 0.750 | 0.600

The experiments shown us that the results are promising despite the research work is in its
infant stage. One reason for this good promising result is the convergence of the sentiment
terms used by movie reviewers and the collected Amharic sentiment terms from different
sources. This is because almost all of the reviews used in the experiments are very short as
shown in Appendix D when compared to the reviews used by other researchers where most of
the reviews are composed many paragraphs. As a result, reviewers used a very commonly used
Ambharic opinion words to express their opinion within those short reviews. Similarly, when we
collect Amharic sentiment terms to our lexicon, the main criteria we used was the commonality

of the sentiment terms. This was done by selecting sentiment terms that are commonly used by
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the level of our knowledge and terms that represent opinion polarity without ambiguity.
Therefore, when the length and complexity of reviews written in Amharic increases, the size
and quality of the Amharic sentiment lexicon should also increased to keep and improve the
system’s performance.

In addition, the third experiment it re-conducted by using additional reviews given towards a
newspaper. Those reviews are taken from Reporter, local bi-weekly Amharic newspaper
printed on October 8, 2010 by media and communication center (MCC) [55]. The reviews are
written by readers of the newspaper towards that newspaper when it was celebrating its 15™
year crystal anniversary. The experimental results using these dataset are given in table 5.4. As
usual, the reviews are first classified manually. As a result, 21 of the 35 reviews are assigned
into positive category while the rest 10 and 4 are assigned into negative and neutral category
respectively.

Table 5.4 Results of experiment three with additional reviews

System Reviews Class Precision | Recall | F-measure
Positive | 0.857 0.94 0.896
General lexicon Newspaper | Negative | 0.555 0.8 0.655

+ valence shifters

5.6. Discussion of the results

As shown above, the three different experiments are done with different experimental setups
and have shown us very good and promising results. These different experimental setups are
the reasons to the variations of experimental results. The variations of results, reasons for the
variations of results and important examples are discussed in this section.

The first results of the first experiment show that the system prototype performs relatively well
with newspaper reviews than with movie reviews. This is mainly due to the complex nature of
movie reviews. As explained above, movie reviews are known to be difficult in sentiment
classification systems as compared to other domains. Similarly, in both domains, the system

prototype performs well with positive reviews than with negative reviews. This can be caused
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by different reasons related to the nature of natural language. In this research work, we have
learnt some reasons for the slanted results. The first reason is that when writing reviews in
Amharic, many reviewers use positive opinion terms to express negative opinions. For
example: in the review “héat7 sprPAt &dd POM LWP7T T4 10<:: ho<p U1 LAPT Q1CP
eavzmPolarity: Positive”, the expressed opinion is negative but the system prototype labeled
it as positive. This is because the reviewer used the positive opinion terms ‘r4’ (good) in
his/her complex sentence to express his/her negative opinion towards the film. The second
reason we have learnt is that most of the reviews collected and used for experimental purpose
are reviews that contain positive opinions. For example, from 254 movie reviews only 28
reviews are negative as learnt from the manual labeling. As a result, this less number of
negative reviews may have some influence on the precision of the negative class. In addition,
many reviewers do not use explicit Amharic sentiment terms to express negative opinions. For
example,” &éher- N0E @01 NF AP Polarity:Unclassified”. This is negative opinion expressed
without using explicit Amharic sentiment terms and this may affect the precision of the
negative class.These kinds of complexities of natural languages make sentiment mining
systems more challenging. As a result, detailed analysis is needed on the Amharic languages
constraints to solve such kinds of problems.

In the second experiment, the results show that the system prototype performs when compared
to the system prototype in the first experiment on movie reviews. The improvement of
performance in the second experiment is due to the incorporation of domain specific lexicon of
opinion terms: in this case movie reviews domain. Experimental results using newspaper a
review is not given in this experiment. This is because we did not built media specific lexicon

of opinion terms. Similar justifications from experiment one can be considered to the good
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performance of the system in the second experiment with positive reviews as compared with
negative reviews.

Finally in the last experiment, the results show relative improvements. As indicated earlier, this
experiment is conducted considering the contextual valence shifter term such as negations. In
this experiment, we can see two different improvements: subjective and objective. The
negation terms are the causes for the objective improvements while the intensifiers are the
causes for the subjective improvements. The objective improvement can be measured in
numbers as given in table 5.3. The subjective improvement is observed in the polarity strength
representation. This is because the intensifiers don not change the polarity orientation of an
opinion terms rather these terms change or modify the polarity strength of an opinion term. For
example in the movie review “Afl NM9° $78 ALLAT® Al eTALNF 1IC haedPlmd® (AL ATe:
AN AL NF TIHAO AFPE @PSTFOT A0 AT4% LAPPFTFT AL KA AL TIHhC LMS(....
Polarity: Positive”, in the first and second experiment this review is labeled as “positive” by
the system even though this review is “negative”. But in the third experiment, the system
prototype labeled this review as negative:” Al ANg° $7.8 ALLA H e+AL-O0F T1C hardPlm-g°
NAL A28 OAN AL NF 1HN A&PS PPTFOT AT AT4 LAPFTT A28 AhAT AL 91HnC
2o4¢-....Polarity:Negative”. This is because the negation terms “ A2LA7° (not)” reverses the
polarity orientation of the sentiment term “#7% (cute)” from positive to negative.

In addition, in the movie review “0mg® ¢0-+ 1@+ Polarity:Positive, the polarity strength of this
movie review was represented by two stars as in “0mg® ¢+ 1o Polarity: Positive @@ in the
first and second experimental results. But in the third experiment, the incorporation of
intensifier terms modifies the polarity strength of the review. The polarity strength of the
review is modified from two stars to three stars representation as in “0mgy® ¢a+ 1o

Polarity:Positive @)@ €. This is because the intensifier term “amge (very)” modifies the
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polarity strength of the opinion terms “¢%-+ (cute)” by adding a value of +1 to the original
polarity value of +2.

As represented in table 5.3, there is no change in the objective experimental results using the
media (newspaper) reviews when compared with the results of experiment two though there is
improvement in the polarity strength representation of the results using stars. This is the
reviews used from this domain are very few in number (only 49 reviews) so that the probability
of the occurrence of negation terms is minimum.

In general, for conducting the above experiment, every component of the experimental setups
is constructed from scratch and the experimental results obtained are encouraging and
promising. Having this we have observed opinion statements written in Amharic that express
strong positivity or negativity without using explicit opinion terms. Such kinds of statements
pose challenges to sentiment mining systems. For example in the review “AA¢-F W hav i
S7°CHC DM DAAeT NOTIF@ W28 PUTMT 770k AG 10-9Ch F29°0 hol.0h pJHmF SaTALT 1a-::”
expressed a positive opinion towards the news paper but the system does not recognize this
review neither in positive nor in negative categories. This is because the reviewer did not use
any explicit Amharic opinion terms in expressing his/her opinion. This kind of reviews can be
managed by comparative sentiment mining system, which is concerned with addressing and

mining comparative opinion expressed in documents or reviews.
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CHAPTER SIX
6. CONCLUSIONS AND RECOMMENDATIONS

6.1. Conclusions

The web has dramatically changed the way that people express their views and opinions. They
can now post reviews of products at merchant sites and express their view on almost
everything in Internet forums, discussion groups and blogs. This online word-of-mouth
behavior represents new and measurable sources of information with many practical
applications. Now if one wants to buy a product, he/she is no longer limited to asking his/her
friends and families because there are many product reviews on the web which gives opinions
of existing users of the product. For a company, it may no longer be necessary to conduct
surveys, organize forum groups or employ external consultant to find consumer opinions.
However, it is difficult for a human reader to find relevant sources, extract related sentences
with opinions, read them summarize them and organize them into useful forms. As a result,
automated opinion discovery and summarization systems are needed. Sentiment analysis, a text
mining problem, grows out of this need. Due to its tremendous value for practical applications,
there has been an explosive growth of both research in academics and applications in the
industry.

This research work has tried to go through the techniques of sentiment mining for opinionated
Amharic texts. To classify a given opinionated document or text into predefined classes, the
opinionated document passes through pre-processing, detection of sentiment words, weight
assignment and polarity classification processes. Pre-processing involves normalization and
tokenization. The detection of sentiment words is a process of detecting polarity words and
contextual valence shifters based on the sentiment lexicon. Weight assignment and polarity
propagation is responsible for assigning an initial weight for detected sentiment terms and
propagating polarity value of sentiment terms that are linked to contextual valence shifters.
Polarity classification is concerned with categorizing a given opinionated document into
predefined categories based on the weights obtained from the weight assign and polarity
propagation process.

In order to detect the sentiment terms from a given opinionated document, assign initial value
to the sentiment terms and propagate the initial polarity values, lexica of properly tagged

Ambharic sentiment terms are used.
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The high-level tasks that are undertaken to accomplish the objective and the results obtained
are: identifying the techniques of building Amharic sentiment lexicon, building the sentiment
lexicon where two lexica of general purpose and domain specific are built, designing the
general architecture of the proposed sentiment mining model, an initial prototype for the
sentiment mining model for opinionated Amharic texts is developed, and testing the developed
prototype for sentiment mining model for opinionated Amharic texts with movie review as a
main experimental dataset.

The results of the lexicon-based sentiment mining model for opinionated Amharic texts using
the processes explained above are encouraging. However, further work can be done to improve
the proposed model’s results.

6.2. Contributions of the study

Some of the main contributions of this research work are given below.

e A model is proposed for sentiment mining of opinionated Amharic texts.

e We collected above 950 Amharic sentiment terms

e Different techniques are employed to build the sentiment mining lexicon that can also
be advantageous to those who need to collect additional Amharic sentiment terms.

e Algorithms are developed to realize the proposed model

e We created a general understanding of the subject matter; sentiment analysis for
opinionated Amharic texts.

e This research can be used as a base work for sentiment mining related research works
for opinionated Amharic documents.

e A prototype system that is based on the model is developed.

e The prototype is evaluated for effectiveness and encouraging results are obtained.

6.3. Recommendations

Even though many things are done in this work to develop a sentiment mining model for
opinionated Amharic texts or documents, developing a full-fledged, fully functional and a more
efficient sentiment mining system needs coordinated team efforts that comprises linguistic
professional, computer science professional and other people such as those who have the
experiences of collecting large number of comments from the public. Therefore, good
coordination of those different professionals can result a sentiment mining system with full

functionality and a better performance.
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6.4. Future Works

There are many possible directions for future works. In this research work, we used only
subjective Amharic sentences (opinionated Amharic sentences), but a future work can broaden
the scope to subjectivity classification which is concerned with classifying random documents
into subjective (opinionated document) or objective (non-opinionated documents). This may
help reduce the manual efforts that are needed to be applied in identifying opinionated and
non-opinionated documents.

Another strategy that can be considered in the future is to improve the performance of the
sentiment mining model and to enrich the available Amharic sentiment lexicon. This can be
done by increasing the size of the lexicon, by considering phrase-level Amharic sentiment
terms and by improving the quality of the lexicon considering more different domains. In
addition, more precise analysis will be applied to the Amharic sentiment terms’ polarity
strength because some positive and negative sentiment terms may not be equally positive or
negative. So that positive and negative terms can be given explicit weights to show how
positive or how negative they are. All overstatement and understatements also may not be
equally weighted.

Feature level sentiment mining can also be another future research work direction which is
concerned with identification and extraction of commented features and determining the
sentiments towards these features. For example, movie features such as director, actor, lighting
... etc can be identified and their corresponding opinions can be determined. This is a more
detailed area of study in the sentiment mining research works.

Handling reviews or opinionated documents with idiomatic expressions and longer reviews or
opinionated documents from different domains can also be another focus of future research

works.
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Annexes

Appendix A: sample subjectivity lexicon of OpinionFinder

type=weaksubj len=1 wordl=good posl=anypos stemmedl=n priorpolarity=positive
type=weaksubj len=1 wordl=goodly posl=adverb stemmedl=n priorpolarity=positive
type=strongsubj len=1 word1=goodness posl=noun stemmedl=n priorpolarity=positive
type=strongsubj len=1 word1=goodwill posl=adj stemmedl=n priorpolarity=positive
type=strongsubj len=1 word1=goodwill posl=noun stemmed1=n priorpolarity=positive
type=strongsubj len=1 word1=goof posl=noun stemmedl=n priorpolarity=negative
type=strongsubj len=1 word1=goof posl=verb stemmedl=y priorpolarity=negative
type=strongsubj len=1 wordl=gorgeous posl=adj stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=gorgeously posl=anypos stemmedl=n priorpolarity=positive
type=strongsubj len=1 word1=gossip posl=adj stemmedl=n priorpolarity=negative
type=strongsubj len=1 word1=gossip posl=noun stemmedl=n priorpolarity=negative
type=strongsubj len=1 word1=gossip posl=verb stemmedl=y priorpolarity=negative
type=strongsubj len=1 word1l=grace posl=noun stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=graceful posl=adj stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=gracefully posl=adverb stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=graceless posl=adj stemmedl=n priorpolarity=negative
type=strongsubj len=1 word1l=gracelessly posl=adverb stemmedl=n priorpolarity=negative
type=strongsubj len=1 wordl=gracious posl=adj stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=graciously posl=adverb stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=graciousness posl=noun stemmedl=n priorpolarity=positive
type=weaksubj len=1 wordl=graft posl=noun stemmedl=n priorpolarity=negative
type=weaksubj len=1 word1=grail posl=adj stemmedl=n priorpolarity=positive
type=weaksubj len=1 wordl=grail posl=noun stemmedl=n priorpolarity=positive
type=weaksubj len=1 wordl=grand posl=adj stemmedl=n priorpolarity=positive
type=strongsubj len=1 wordl=grandeur posl=noun stemmedl1=n priorpolarity=positive
type=strongsubj len=1 wordl=grandiose posl=adj stemmedl=n priorpolarity=negative
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Appendix B: Sample representation of sentiment terms in our dictionary

Gen_ictionary={"0Ag°":"+" "goAT" " M EAIP LG+ R RO PAD-A - g8

" UOABD" RO 1 T R amg g RGO AR e
ML AN A SR DR MG A AR AL

QUG IR T A gt R UG RAVE DS e g

G R AT O R ARA T, G A MO Mg R e
B B L A /X LS S 077 U R 111 B4 VT v & A L T Tk A

UMPT I YR QUG e

G PG AR AL GO DR RALE T D AP b
U EPCT Y AR QA DG AR PR Y AR N RTIAG g

R RGN AV O AT MR SR R 1 QAT

YR CTH RCET S TS O AU o G RO PR -
CUOA RS AN e Qe ARG AL AN R R M pe favy -
R N A S T RNy VA AR VA T S (2 S
QAR DA DT Mg 0 D G A T RARZAL b L Age - (-
RO ey T RETR S RN B TR Bt R Qe ey LT
R DR R A IR ACOC T T GG A R R o 0
" UROPAN " T RADCE! T D B RGBT M DADG S RO P AMA L et L G
PO THOPGR T TAATIR T TRANE - DA T RO T+ e L T
B B e L B R B O L A B A 1 A (T 20 A

"R Y HAHA" S gt R O A G AT ey R0
B L . M R L e e o 7 Lt A PR G K i T A L S
"R B DCPIY T O RG HOEE RPN RACH Y RGTT L AR A
TG EAIPGR D GE - PO e e R UG R T+ N e g -
RGP O PR A AP LAG - N AGPATE Y R 00" AU g e
R U R AR RS T G oA ge g

B T B B R (N A R ¥ ok A WO U (T LR
TR AL PO R T OAPR " g Y TR A N b o
RO TG A T DHG Y Eme  UAL TR A g

AU AT R A M D DR DG MGt R 1A

B o R e K B A I S RO (Lt [ 1 2 B S YU B

" UUPSE T UCTE T MBI RN AT o ey ey

LG R AT ARAR T A GRS R e LA AT Y A SR
B e 1 A e P 11 e 18 A R L A

G G MR R A MR MR AR D R0 A

P O D RAG A R DG G4 R RURT Y A Y e -
TR G A R A QU PG e, ey -
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Appendix C: questionnaire and sample responses

H2.0 AN 2LaCAA:
AT6ECTIENO DAL
I LRTC ALTO T 9°UCT neA
N4.AI° dT-avAM¥F Po29°A aomeP

Poomld hA“Y:
(A%.0 ANQ 2LOCAA OnI°TeHC ALTN TI9°UCT nEA A0 TCO 5.4
7CTRC NULe CUT NATICT IR AL ool PLRLT DIPTRAC-LULE
PLAT® TawANFT RO avaf OIS AOLT INST PPy
AT COFTF Ao Y.

NP0 A“LCLCTNT TNNC hAN ATAITAT

TrEeE: 107 a7 &AI° he T JA?
ATV5Pm.0N PA-P17Y MIT@.I° ANECPT AmC QA g\ LVIAO-ANT:
ao\N1:

/

Paomed AHIE: A7 Noohdd: (nI°TLRC ALTN TI°VCT IEA PY901CAH
2.6 16

A%.0 AN RLOCA. \
AIECTTERD dheAt: ~
Pho°T4HC ALFIN T9°UCT NEA
N&A® +Hao AT £99.9°A oo PP

faomB+e hA’Y:

NAL.0 AN 2LNCAE  Nh9°THC ALTIN TI9°VCT 1A A“I0+HCh 8.4
I°CI°C 27998 PULU? NAICT €7k AL ao(\ il £LLT hI° T HE-LHE C4AT°
TaoNNET  AOEEP T aoAf (L0 AgondT NG T POLYT AN ECPPTY
haoO-NON 0.

NP LoLe ATLLLCTHAN? I NNC hAN ASaPN TGN

Teg: Peoihl VYHe BLa eI LAY ALAHM.IA? AFIS.LM.N
CA-L1G THEDI® WAL AMC 00 godn LIA0ANT:: )
AN ReFee Avxr e Wmon  ovmoe M A CoLgG 0 IY ST )

ARV Mo, AG CATRI W S o O
A A AN Aoy £CAN

CaomBd aAlIE: (A27 Qoo NhI°THC AL7TN T-9°VCT hed L9901 Ch
8.4 +16::
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Appendix D: sample of movie reviews

1. 94:9° U1 &AT® 10

2. (Mg P4 10+ OFAL OFAL FNNEFD- (- FavAnt 0PNLTT ANLD W80 haPIAFPAY-

3. AP 091,841 hav? LA4. PAL: QoPT @I&AT PTLLRCHT TLF aPTPE N F WIRTLTPD- PLI°0 TiT
TCG T TaAcT

4. P4 1@ 7 copy pest 1@-:: 2CA7 copy pest

5. &Aav (1M9° A& 10+ 17 AT W01F7 Féh (Lag- P4 10+ copy 1@

6. AdG 10~ 1T hENCE

7. NG 099.81P CAITTT PAAT® £LE 0710081 LATP 10+:: (ICk T0ék WTANT

8. £

9. MY PTLICI® LA 10

10. &&9P7 (AT £LF DT AATPT °Cae AT KB NMI° T, aPPr7 aP10é ADSAU~:: Thank you
11. 40> P4 FRLTE LGLDI° @-Plrk AGA Mook PH10 OOk AL 21000 OO PrANFA PIA
ANFERT (AL (it av6 PR

12. hB< (Mg° JOCP AS AT &H 09LTH (WP T1C 17 (0P 2.9%G 0TI0HPA 20,38 4AT° 10

13. Ahhu<7 NPUF@- ZATT NNI° P71.0aMA AATT PAAD? T7HA AGPANAN F HLLT A dATP::
TG O9° AD- 7T CAANT LA (LGC 10+

14. What is the objective of the film

15. N&7 NFPAAT &0 27 APmAh- AAT NNI° AHGAV-

16. £997 U~ AT119° AOD- AP (1o N FAT

17. avgavg @ f4.iav- objective AA10719°F NAMPAL i AdTaoFTigo

18. Ali (Mg° 878 ALLAI® A+ eHALNT TIC havgoZm9® NAL AZe (LHAN AL UF TIHN A&.PS
DPGFDT AT AT1% LAPFTT K18 AAT AL TIDC LO8(-....

19. NMg° P99, LAMA ZAT® 1D+ LA LS TCLDAC NGOG PPU~F (LFA NAv-T WA AVH: AFAe
AT972L NTIHA @5 T9TIOA BIOC ALATP: Atrtée

20. hacet ¢1ae mid o0 eP4......

21. &hav- (MP° OLBPAY- 1LNAT PLAT 140G FOGD- 7 e+@AT s0d truck AG 240ap< $49 eHdA
(LI &AaD: NN9° $7E. 10

22. IH9° A2mON-t AATTU-FI® 11C 17 OH48u~T T1C (LEC “ AN TIC 1.8LT aPAg® ICT v+ P
AehdAFm-go”

23. 1Ng° 4. 1@~

63|Page



————

_____ Appendix E: List of validated Amharic sentiment terms and approval letter

A&0 AN RLOCA A
ATTECTIERD 4t
Pho>TRHC AR T9°VCT NTEA
hA7

NA%0 AN RLACAA 0D TEHC AL TI°VCT 1A A%IN1Ch £94 I°CI°C
e UL NATICE %77k AL av(\ Ll £LLT WP TR4E-LHE PALT Alv£OT
av AL ANHI° AooliéT I NnT CTL T CATICT AT Aoo(NAA 1@.::0H. U~ aoO 4T
hLyF ®LI° h-F7F PULING- h 900 NAL PAT FANANPA:hATHY FAT @.0T
aALI PP N A FPART Ad-d T 1 C ARG CUPTT £79° N “negate”
NN O 7TANT PO TONAPA::

QALY PAYTNU? PAT 100 1T 77824277 V1S ATMmE PAT::

PHUIE A

5
j 55

A4 9.0°78%A ( AneeTlic A%15 vl 4wy pSgi-goiep +A)

2
‘) NL RO ANND G e L g 1/:/‘\ YONAR AY-aH3 AWVVe g O A P e PE4)i-qu jﬁ}ffl/‘f{,.yl

Ny ~ v~ \
5 ~— ) e - - ) y % 3 > \
3 / 1 £ A\ b—f} CYNNY L ) o >) >

=

T D% s p — e _ Chane-. rked T A90a. .

62|Page



PG/ -
oanz/-
AZ°0117/-
10-m5/-
1994/~
¢ TUR/+
VAG/+
WFG/-
0N, 7L:]-
thLH-
&ma/+
avT)pp-
006/+
Lo/-
HA/+
ofs/+
L04/-
MPA/-
vP/+

U H/+
VAT [+
05+
Nh7/-
PAM4/+
1A /-
aL/-
bV -

hhavt+aqav’y/-

aqH+
P8.0/+
P90, 3av7y/-

TN+
TOkA/-
AGAL/-
Trhd/-
ACKhPI+
po1e.la/+
hnc/+
ASTURTT-
Tét/-
hmt/-
UPseI+
UCrH+
+tn L+
havi\/-
PANT/-
O0/+
02M7/-
TONC/+
A AT -
7%/-
+/+
t0/-

av-R 5[+
P+
8.37l-
chii/-
av-(\5’/-
heét/+
.5/-
A+
OA78 -+

£CPl-
OAm<2/+
10-99/-
IoGP/+
IoGP/+
N&C/-
Pmhe/-
aoy/-
ANOAS/ -
a-ncts/-
ma/-
OHS/+
+me/-
VALTH+
PAL/-
r-mgv/-
o+
[ZAVEZE
T0-0/+
k-
DOAPL/-
Frel+
hO-H/+
PAP/+
é.Ml-
Cotae/-
BESVES
0/+
avCH/-
Thd/-
ALav]-

+PPoL/-
AT -
n44-2/-
+7a/-
hvet/-
1977 -
Ate -
Al04/-
M§.opp/+
(VAVE
avAgP P/~
tthov/-
237l-
UL+
vt +
APP(LHE -
AIPATL[+
4gI°[+
et+LDDl+
NAUH/+
we/-
ThICL-PI+
O&5 -
Pol+
/-
UCTIR/+
Ha/+

AO7 3]+
Paaeant/-
PILPE-
OCITI+

TOnT /-
H19°+5 /-
hav)\/-
L4cl+
h47l-
ANLTIY [+
vat/-
avCHE -
hT19-
o¥t/+
AR/+
Fowed/+
®COTrH+
L VAN
PoLeAN/-
7o0-t/-
AOTT1eT+
HAHA/-
TPI°/+
ac'rt/-
@90/ -
Ahgél-
837+
160/+
ABPNCOS/-
P -
L1/
L[+
PG/
PPt -
hCPl+
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A& rt/+
b T/ -
02M7/-
PAT/-
PO+
HavG P/ +
0ATIP/+
AONE/-
o-0-N0A/-
Fo/+
Po1e.01C/+
‘Hav-/-
PREYE
h0L4.l-
havCe/+
av C/-
hLGP [+
OH D4/~
AhIoCl+
PPAMN4/-
IRt -
Ft-
oL+
Td.A/+
TNCNC/-
11H/+

he 5[+
ne-+5/-
IVE
aa/-

aa/-

/-
WYACTE
erarthha/+
N7+
$o-1/+
Hh8T/-
avgLy)/-
OLCT-
Ahé\/-
avpety[-
avl Do+
T+
TH/-
AANLAL/-
PG5 -
4.09°/-
(H3/-

av/ 88+
fate1m/-
&hl+
NI+ [+
N6/ +
074.5-
hé. 1Dl
heetgl-
£-AHH/-
1D0/+
haged-
oA0/+
TenL 055/ +
ANLGE/+

he&/-
ANa/-
eroLL/+
P9, Lav’y /-
IoU-C/+
hCP7-
hea/-
FCri/+
AUHA/+
av-FHHE +
+04-/+
onc/+
AThe/-
d4l-
LN+
kme/-
N4a/-
Y-
LT -
GG [+
PO/ -
NLA5/-
OeV/-
UH/-
FPC/+
e+aa-t/ -
NLA/-
L6+
AQTPLR/[+
hne/-
LTING/+

4may/-
Fcl+
o005+
aNAP/+
ThCe+
agegert/+
ao @-(18-(19/-
o/+
APl-
ANenGE/-
0L 0/+
®Cat/-
TI07h/-
AAPCTH -
PrIeAD /-
mPrL/+
vOvH-
LV5/+
Achid/-
cha/-
bARA/-
PGII°/-
aa/-
68./+
A& /-
P75 -
®/-
TI5-
AT+
+02a/-
£hge/-

PN P/-
ANSTH+
AEDEl-
+av94¢/-
T7rCH +
hog/-
mAN/+
eanav /-
Ak -
FPL/+
@0 -
UCTI+
HA% A+
AD-LASL/-
CUeB[+
aneo/+
AL ETE
®pN/+
70/+
heA/+
+av94¢/-
ACOT/+
ah/+
Gt/ -
FRASEVE
LNAE
P97.L090017/-
AA9°/+
IOATH/-
ThIOLE [+
4 -
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PILLDAD /-

40148/-
AP°F/-

PILLDAD /-

10G-
m199/-
M\F/-
h¢/-
hlavy/-
AChH/+
PoLLANT/-
P/ +
o+
2a1L0/-
havp/-

A L4/
avht/ -
CI T+
Laool-
e PNrH+
PP/
Gau/+
+POR T+
rtch/-
£97.20458>/-
oPd/-
v-hvi/-
ARG+
agan/-
ML+
AlL/-

MD1/+
av (-
ATMAML/[+
H1574/ -
AS&TUP/-
o0 +
ACTH-
POAMY/-
A0PE/-
ALAP/-
(Ve
taa6/+
1o-C/-
NAr/+
P&}/ -
PéG -
HAAATIR/+
P H/+
o-Lavi/-
Fcl+
SAVE
AmeMé/-
Lag/+
TAAE -
FoUet+
HPope/-
mS/+

T R/-
o0/ -
POPA/-
aA1/-

I%/-
(LAd\-
AP /-
PeehG/-
+av e[+
O7ENG/-
aL+5 -
Tarh/+
HPS/-
PrPl-
AaAn/-
AR5 -
anJo/+
FCUH-
A00/+
haeTi/+
av $OJ°/-
e+
AAATF/ -
0"/
hLO\/+
W[+
O 1P/ -
VHOR/+
avphht/+
a/+
aaopc/+
NP+
OG2/-
Bo\-
18:0/-

NA&15/+
o+
$10l-
194/
angge/-
avd-h/+
oOh/+
APi+
vPI/-
NCP/+
A704/+
eI+
Aavp/+
1991+
au-tt/-
TN -
S5 -
tepl+
HI5/+
$78/+

av 57/~
m/-
PIIPAAL/-
veA/+
+hahg/+
4h/+
+tmé-Mél-
tav A+
QAT+
av+ 7/ +
e+20am/-

T+
ATIN-
&-tl-
FPe/+
A+
AH/+
ANVFNL/-
a6-+/-
AP°rt/+
ePCH/+
Aand./-
vem-/+
o-4/-
vea/-
a5’/
hRGPe.l-
AL
TTYIH-
Pota/+
ne/-
mA-H/-
£9op [+
+0/-
L+
(WAVE
Pr/+
PPU/+
vIR/+
180/+
Lavp[+
acel-
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TCHH+
o[+
A0L/-
AHTY/+
o7l-
AAPC/-
eTHOC-CPl-
A'thn/-
AAPCITH -
AHAT/-
20H/+
1581/-
HH/-
411+
ACIME [+
ANd.6l-
AC4t/-
PTosNL/-
Pq/+
Pm-(/-
ANaPag,/-
acH/-
+7/+
LT -
Ug [+
P&l-

o /+
£0p/-

av i AP/+
VAN +

2moT/-

A5+
A+
0NPL/-
havC [+
T9onyH/-
T1r/+
£0e/-
4t/-
+CIeh/-
AT -

U H+
ANaPaL,/-
%5+
nee-g°/+
vatE /-
Po0T/-
TAAD/+
e+2h1/-
T+
ar/+
AAM/+
hAag/-
H7H-
eni/+
a0/+
hahiAhko-/-
PoLNE T+
A78/-
V90l
D4 -
The T+

MSTIN -
S ENTAVE
PILONL I+
Té/-
Po10309°/-
vhg/-
€.06/-
Gau/+
1P+
hCP7-
TP+
Na-+5/-
hdavl [+
ayQH/-
AT+
aop\ng°/+
+07/-
Hé-él-
hFApl-
v+
OrL/-
PrLenP/+
Lr0/+
T+
Po10310/-
OAao-2/+
amr/+
FotG -
TG+
mPrLH +
m2ee/+

TG+
148/-
D5+
Lfatha/-
NAUTE [+
P@-AA/-
G4/-
ao-@+[+
VG| -
TR

The T+
aNAG/+
0.0/+
oCr/+
/-
Ahhgv/-
h®-877 /-
hoEt-
Uk +
MG PL/+
avp\havphgo/
+
priene/+
Lat1el-
q1t/-
TR+
o5 /-
BrPIPl-
AD0/+
$a1/-
0o/ -

19/+
IoE[+
pagg.av-f/-
vOvH-
NHE.PL/-
Vavht -
ape/-
+ant/-
havp [+
RYANES
P, PmI°/-
1+GR2/-
V107/-
Hcheh/-
AT/-
atal+
et 9o/
ao\-t/-
hPgo[+
h&T-
PMe/-
TCNEG/-
HavG R+ +
m7e/+
PreT-
PI9024/+
AGel+
hP&%-
AATPHG [+
Fac/-
JHAC/+
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ATO(L/+
+Cl-
Az +
Fol+
6/
TIYH/-
(S AVE
fihh/-
AT+
PIE+
A0S/ +
-go/+
Po9.20mA/-
agavy [+
n3e/-
hehnel/-
hel-
hCorm/-
TNG0[+
PI7L.07797/-
AR
NG/ -
LU+
ase/+
O-CEN"/-
mPrLH +
Tel+
nci/-
AA/-
net/-
FCUH-

Qoo pC/+
Z00/-
T¢0/-
YIATE
M7+
aPHG/ -
POAM/+
VO -
avHH/-
PILLAGC/-
G B/
4.6/+
PILLILN -
cam/-
151G R /-
0L/ +
PoT/+
LI+
hGD¢l-
A%0-0/+
PN} -
1Pe/+
AOPT/-
TN1LLS-
ALY/ -
NCU+
4.@-0/+
aoe0(-+/
Tha/-
hgotc/-
a LU+

Alie4/+
VeLH-
q9°/-
eaa/-
oCH+
180/-
P7T/+
AMAa/-
PP+
av-QPP/+
Fol+
HA®H+
04a/+
THH/-
ThI°C/+
Thha%/+
LavG-
P07/ -
L£51]+
HEE -
a7y /-
omH+
P L0PLI°/-
an/-
o'r/+

(b TAVE
LPA/-

4 1mHel+
yavge/-
AR
1T9¢41-

LA+
ATHERb]-
POATEG/+
aver) (/-
Vet -
UCFE/-
H1E/+
((EYE
ma-/-
AT10P0L/-
VLTS [+
aAH/+
AT
ALANG/+
PAM,/-
ALen/+
ho-P[+
AN /-
ACh-0/-
WrPPAAP/-
FCIPCI°H-
Lhavt/-
Ul-
+RE-
TavPT/ -
P0H+
hav7/+
e o1m/+
AT+
Gau/+
ATPR -

ar%/+
TatPA/+
avCHS/+
hao-he/-
PAN+
17%/-
OANAN/-
ATél-
LrH/+
FOTI+
Ao0/+
NANNAT/-
£7h/-
hIoP/+
h71687/-
AhCTH9°/-
00e/-
AP+
hv4/-
OL+5 -
aOYHH T -
P70+
aL/-
+Hianrt/+
/-
avhh-
O47/+
Nept/-
GU4/+
W19°/-
AN 00T -
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19ma/-
NP5 /-
mCrH/-
TR/ -
Pel-
4241+
PC/-
TRGPE/-
nent/+
a0/ +
@M,/ +
NG -
£hay/-
AATT/+
vNF9e/+
PMH/-
Adrtne/+
OArINC/-
o-0-00-0/-
To8%/+
APLLI-
1o-p/-
A1+
T+
THH/-
WUE]-
AATPATITY T -
10-m5/-
maa/-
hhep/-
L71om/-

0&/+
TN+
e+
™0/+
hgea/-
a{mL:/-
ANON/-
PO -
196/+
%Ce/-
G-
AA0A)/-
LU+
OG-
AQTTY-
a1/
a7hed/-
vhgeq/+
m Pt +
havp/-
Let/+
@20 /+
GATH/ +
AHAOG/-
184/-
4N+
TLEL/-
ha/-
PnAL/+
FH P
Tant/-

LG -
b/ +
+5 -
Té/-
RCOT[+
nne/+
LOFOP/-
he-(/+
NAT/-
hA&/-
TOnIS/-
oOm.C/-
T.am.C/-
L/-
14ll-
av2G1C/-
VN -
A+
APO/-
ERLATOHG -
bt -
+9°/-
AP+
L7105+
NP4t/ -
G4t/ -
o-(\/+
tei/-
ThIAOTE [+
LARINAN/-
VU +

/-
M5+
ALAG+
AhAt-
+avGavy/-
AhdAL/+
T.5/+
TR -
ANAL/+
Lo+
FHATI+
o8+
PAL/-
AP+
T+
hahé/-
anc/-
H7h/+
2eal+
-
hao (L +
TROTLIH+
POFFI-
AhAagl-
vea+
14t -
@-CLH-
44-4/-
PONG/+
008/+
AliNZP/+

(WS
AdQ/+
Nhv/+
a5/ -
NCH+
oA+
1%4-/-
ppperpp/-
TH+
aong/-
0Lb/+
+ag°/-
®OA/-
KNG [+
PAP/+
TI0en1/-
nAF/-
nAo-0F+
ang/-
MhJ°/+
AATTh/+
1+
Pa9.40/-
0,00/-
FTrH-
sa/-
ENENE
L1+
av HH/+
av-p7y/-

ohq/-
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:t5l-
0,74/
o707/
AD0/+
Ll-
AOTTH/+
20 /+
ay2,9° /-
PLavp/+

h2L209°/Nega

te
Po7e0/Negat
e
LUr79e/<
T3<
amye/>
0o L1P/+
PoL1Co° +
hévtaviFige/-
Atrtois/+
ficav-a)/-
HE -
aCPI/-
AlL/+
+eAa/+
LVTrH+
ACKhPI+
+04/+
TOP/+
hnc/-
A+

Tét/+
ocr/+
L0/+

hG& [+

oL 1PN+
Lhavt/-
AAH/-
a0 AP+
2087 PN+
mPr/+
£99.09°C/+
/+
T+
ANSTH+
hAag/-
191/+
Ne+g -
Ne-0/+
A0+
Q.0+ +
AT+
aop\ng°/+
L.L/-
PrLeOLN T/ +
PILOUTG/+
bl
aMe/+
avCH/-
AD1H+
FPC/+
+044/-

2amAd/-
Atrtois/+
av-(15/-
goM s/ +
Pol+
avepy/+
nLUre/<
AOE"H+
ape/-
&AT/-
AORAT/+
FPe/+
Tav PRGN+
LaAN+
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