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ABSTRACT

The recent growth of Information and Communicatiemchnologies (ICT) infrastructure in

Ethiopia is resulting in an exponential increasedital information in local languages

including Amharic. Huge and increasing volumes atfladare available in Amharic, which is

observed on the growing online newspapers, webhsitesdigital storages of Ethiopian News
Agency (ENA).Thus, to tackle the agency’s news tagnagement problems, a number of
researches have conducted on automatic processiAgnbaric news texts usingag-of-

wordsfeature representation approach.

However, using words as features could result sintp the intended meaning when the
concept is created from two or more sequential woithus, in order to maintain this

concept, a phrase based approach has been prapabadplemented in this research.

Preprocessing, feature representation, and testwege the major steps for the
accomplishment of this study. Preprocessing tha @etaracter normalization, stop word
removal and stemming) is worked out before thes#dsaare fed into the classifier. In feature
representations, two forms of phrase structuragdlns and trigrams) have been developed
and tested. After features have been representdldelsg phrase structures and their weights
are identified using TFIDF schemes, phrase mataxehbeen generated and saved as CSV
file format. The CSV files have been imported te tibSVM classifier using the GUI of
WEKA application package. Finally, the testing wesformed for both bigram and trigram
phrase structures at four, eight and twelve newsgoay levels. From this research, using
bigram phrase structures, the best accuracy (95/8%%)been obtained at four categories,
followed by (81.3%) for eight categories and thasteaccuracy (72.01%) has been obtained
at twelve categories. On the other hand, for tngghrase structure, the best accuracy was
obtained at four categories (728), followed by 69.7% for eight categories, and kbast
accuracy has been obtained at twelve categorieésticaunts to 56.4%. From these results, it
can be observed that bigram phrase structures letter performance result (72.01%) than
trigram phrase structures (56.4%)for all twelve s@ategories.

Keywords: Text categorization/classification, Machine Leagy Support Vector Machines,

Phrase Based Feature Representations
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CHAPTER ONE

INTRODUCTION

1.1 Background

The advancement and proliferation of informatioocht®logy have fostered rapid creation
and dissemination of information on a massive se&ea result, voluminous information is
becoming available at an explosive rate. Despigegifowing popularity of multimedia, text

remains the dominant form of information, via théernet (Boley, 1999).

Availability of the vast amounts of textual docurteerdemands appropriate document
management solutions to support users search,sacmas utilization of the ever-increasing
corpora of textual documents. Analysis of prevalgrectice suggests the common use of
document category by individuals and organizatitimsieby sorting documents into different
categories. The sheer volume of new documents lamdikelihood of their assignments to
appropriate categories make manual document-categmanagement approaches
prohibitively tedious and ineffective. That meatisg method of using domain experts to
identify new text documents and allocate them t8-defined categories is time-consuming,

subjective, expensive and error prone.

According to Sebastiani (2002), until the late 198the most popular approach to text
classification at least in the “operational” (i.eeal-world applications) community was
knowledge engineering (KE): an expert system, adediin manually defining set of rules
encoding expert knowledge on how to classify doausender the given categories. In the
1990’s this approach has increasingly lost becafiske popularity of the machine learning

(ML) paradigm in the research community.
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Machine learning is a general inductive process$ dladomatically builds an automatic text
classifier by learning the characteristics of tretegories of interest from a set of pre-
classified documents. In the areas of machine ilegrextensive research has been done to
test the possibility of automatic classificationdfcuments. This approach is economically
and qualitatively more effective than those achiev® manual classification systems.
Moreover, the advantage of machine learning over khowledge engineering is its
effectiveness, with considerable savings in termexpert labor since no intervention from
either knowledge engineers or domain experts isleeéor the construction of the classifier

or for its porting to a different set of categor{€gbastiani, 2002).

Generally, the identification and categorizatiorteoft documents based on their contents are
becoming imperative. Hence, automated documengoate management represents an
appealing alternative and can be greatly suppdiyeaippropriate text mining techniques. Of
particular importance is text document classifmatiwhich partitions a collection of text
documents into distinct groups where the documienésch group share great similarity and

collectively reveal a specific theme covered inuneerling document corpus (Boley, 1999).

According to Sebastiani (2002), for accomplishiext tclassification task, there are a number
of learning techniques. The common ones includeb&miistic methods, Regression
methods, Decision Tree and Decision Rule learidgsyal Networks, Batch and Incremental
learners of linear classifiers, Example-based migth&@upport Vector Machines (SVM),
Genetic Algorithms, Hidden Markov Models and Classicommittees. In this study Support

Vector Machine is considered.

SVM classification algorithms, proposed by Vapnl®95) to solve two-class problems, are
based on finding a separation between hyperplapéeed by classes of data, shown in

Figure 1.1. This means that the SVM algorithm cperate even in fairly large feature sets as

12



the goal is to measure the margin of separatidheflata rather than matches on features.

Research has shown that SVM scales well and habggrdormance on large data sets.
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Figure 1.1 Example of SVM Hyperplane Pattern

Therefore, the purpose of this research is totieseffectiveness of Support Vector Machines

using phrase-based feature representations in atimAmharic news text classification.

1.2 Statement of the Problem and its Justification

Developments and application of text processingstand methods have so far been focused
on English and to some extent on European and Asisin languages (Baeza, 1999).
However, the recent growth of Information and Comioation Technologies (ICT)
infrastructure in Ethiopia is resulting in an expohal increase of digital information being

produced in local languages including Amharic.

Amharic is one of the major African languages.sltthe official language of the Federal
Government of Ethiopia and widely spoken throughting nation. Amharic is an Afro-

Asiatic language belonging to the southwest Sengitaup with its own unique alphabet
(FIDEL) (Atelach, 2005). Huge and increasing volgntd data are available in Amharic,
which is observed on the growing online newspapeshsites, and digital storages of

Ethiopian News Agency (ENA).
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It may not be long before the Agency users aredfadéh large volumes of Amharic texts in
the web and other media. In such scenarios, usérBnd it very difficult and frustrating to
make efficient use of Amharic documents unless #reyaided by data processing tools for
activities like searching, categorizing and sumaaion of these documents. To assist this
process the agency uses news management softwbeeé E&IASoft. Though the agency
uses ENASoft for its news management, the classifio task is done manually. Currently,
there are 12 major news categories and 98 sub araegUsing manual classification is

challenging for these large number of categories.

Because of the observed non-uniform applicatiothefmanual classification system and its
impact on efficient service provision, ENA has coacigéd two in-house studies to identify the
problem areas of the system (ENA, 2006).
The major classification problems identified by #tedy are:

» Problems with the news categories
The first problem is lack of clear distinction been some news categories. For example,
confusion is often observed in differentiating beéw the news items of ti8ocial and the
Health classes, th&ocial and theCulture and Tourism classesand thePolitics and the
Law and Justicesclasses.

» Classification errors
There is no strict process to validate the categagiven by reporters to the news items they
are entering into the system. As a result, clasgibn errors were found in news items that
are not difficult to classify. For instance, tls®cial category contains many news items

belonging to other classes.
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« Entry errors

A look at the representative components of newsst¢the Headline and the Keywords)

shows data entry errors.

Therefore, in order to tackle the above problents tarreduce the burden of human experts,
more efforts have been undertaken by researcherslewelopers in the area of automatic
Amharic news text classification. It is through easch that one has to determine which
techniques, tools, etc. are best for automatic Armmews text classification. It was with this

view that (Zelalem, 2001), (Surafel, 2003), (Yohesin2007) and (Worku, 2009) undergone
their study using different machine learning apphes. The technique they used and the

result they achieved is shown in Table 1.1 below:

Researcher No. News Categories Technique Used | Accuracy
Considered Achieved
Zelalem Sintayehu (2001) 3 Cosine Similarity 85.05%
Surafel Teklu (2003) 16 Naiv Bayes (NB) 78.48%
KNearest 64.4%
Neighbor (KNN)
Yohannes Afework (2007) 15 Logic Model Tree| 79.72%
(LMT)
Library of 81.15%
Support Vector
Machine
(LibSVM)
Worku Kelemework (2009) 9 Artificial Neural | 70.08%

Network (ANN)

Table 1.1 Summary of works done on Amharic Texssification

Table 1.1 shows the results of automatic news ifilzason done by four researchers using

different machine learning approaches and the shooement representation technique.
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An important issue in text classification is howcdments are represented, and how features
can be extracted from them, which can be used lssification. A standard document
representation is a vector of term occurrencesisad in the information retrieval (IR) field.

This kind of frequent technique to represent doauses bag-of-words approach.

In the bag-of-words approach all words from theadetocuments are taken and no ordering
of words or any structure of text is used (Benbrgl2005). Each distinct word corresponds
to a feature with a weight as its value that isre@lated to the number of times the word
occurs in the document. The main advantage of dpjgoach is simplicity and easiness.
Observing this simplicity and easiness, the ab@searchers, i.e. Zelalem (2001), Surafel
(2003), Yohannes (2007), and Worku (2009), havelempnted the bag-of-words feature

representation approach for the development of Aimim@ws text classification system.

However, the main drawback of the bag-of-wofegture representation is that it destructs
the semantic relations between words (Benbrahin@5R0A classical example is “Bill
Gates”. Given a bag-of-words of a document in whiagrds “Bill” and “Gates”occur, one
can suggest that the document is about “accountngfjardening”, but not about computer
software. Whereas given a document representat@ncbntains a phraseill gates”, the
reader will hardly be mistaken about the topic icdssion (Benbrahim, 2005). Moreover,
single words are rarely specific enough to suppocurate discrimination and their groupings
are often accidental. For example, “Apple Compuyt&pple” and “Computer”, word-based
classification cannot distinguish the phrase, tlodlgeir meanings are quite different.
Furthermore, the bag-of-wordsepresentation approach increases the dimensipnalit
feature space which is known to have a negativecefbr a classifier. For exampldistal
descending colonorresponds to one feature using bag-of-phrase®agp and corresponds
to three features in bag-of-words approach. Abadljeirdormation is lost due to feature

splits.
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The other major challenge in the development obrmatic news classification system
identified by the above researchers is that theedse in accuracy as the number of news

categories increases.

Researches by Surafel (2003) and Yohannes (20@¥eshthat accuracy decreases as the

number of news categories increase as shown ireTlapl

Researcher News Categories | Technique used| Accuracy
Considered Achieved
Surafel Teklu (2003) 3 KNN 89.61%
Naive Bayes 95.73%
4 KNN 84.51%
Naive Bayes 93.86%
7 KNN 75.27%
Naive Bayes 89.93%
16 KNN 64.4%
Naive Bayes 78.48%
Yohannes Afework LMT 93.45%
(2007)
5 LibSVM 95.21%
LMT 89.98%
10 LibSVM 91.36%
LMT 79.72%
15 LibSVM 81.15%

Table 1.2 Previous Researchers Work PerformanceltBed Increasing level of News Categories

As can be seen from Table 1.2 the classificatamu@acy sharply decreases as the number of
news categories increases. This problem was olibessa challenge to implement automatic

text classification systems using bag-of-wordsueatepresentation. Based on performance
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analysis, therefore, Worku (2009) and Yohannes {R0@commended a phrabased

approach or ontology as feature representatiomsoove classification accuracy.

Hence, to tackle the aforementioned two challerigesd by researchers (i.e. the problems of
bag-of-words feature representations and the desreim classification performance as news

categories increases), this research implemented@based feature representations.

Therefore, this research attempted to investigatedevelopment of phrase-based Amharic
news classification system using machine learnpgy@ach. To this end, it will try to answer

the following research questions:

1. Can we improve classification accuracy using phimsed feature
representations?

2. Does phrasbased feature representation approach improve ifcdasisn
performance at increasing levels of news cateddries

3. Does phrase-based feature representation approaehthe problem of bag-of-
words (semantic lose of words)?

4. What is the best number of words in a phrase toeaehbetter accuracy in
Amharic news text classification?

5. How to design an efficient phrase-based classiinatystem for Amharic news

texts?

1.3 Objectives of the Study

1.3.1 General Objective
The general objective of this research is to ingast the effectiveness of phrase-based
feature representations to classify Amharic newssténto their predefined classes using

machine learning approaches.
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1.3.2 Specific Objectives
The following specific objectives would be met toheeve the aforementioned general

objective.

* To review related works and identify techniques anftomatic classification of
documents.

 To study the Ethiopic writing system, grammaticales, and its computer
representation

* To develop pre-processing programs (codes) for Aimhdocuments (character
controller, stop word and number remover, and stermm

* To develop programs (codes) that generate bigrairtregram phrases from the news
documents

» To select classification techniques to build arométic Amharic news classification
system

» To test a classifier using both bigram and trigggimase structures

» To evaluate the performance of the classifier usapgesentative datasets of Amharic
news

 To provide concluding remarks and recommendationgiture research directions

1.4 Significance of the Study

In addition to being an academic exercise to fulfie requirement for the program (Master

of Science in Information Science), this researchoélieved to produce results that can
indicate the application of a general automatic Anmthnews text classifier based on machine
learning techniques. The results of the researohbeaused as an input for the development
of a full-fledged automatic news classifier. Thejput of this thesis can also be used for

further investigations of the development of autbcmaews text classification system for
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those languages which use the Ethiopic scripts Tikgrinya, Guragignya and Geez. In
addition, it will be useful as an input to any antdic Amharic text classification system with

little modification.

1.5 Methodology

The following methods were employed to achievedathave stated objectives.

1.5.1 Literature Review
To get an understanding on various issues of autordacument classification systems,
relevant materials such as books, documents, estarhd journals were reviewed particularly

on:

* the methods of effective information access tealesqin general and automatic
document classification in particular

» techniques like word-based and phrase-based fespresentations

* Dbasic characteristics of text classifier algorithmsd their performances using
different feature representations

» developed tools and techniques for Amharic texdsifecation to study how they were
developed

* language processing softwares particularly for Anehge python

Ambharic language and its writing system

In order to further understand the problems ofrte's classification system implemented at
ENA, the current classification scheme and thewsok® (ENASoft) they are using were
explored. In addition, interviews and discussiomsernconducted with appropriate staff of the

agency.
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1.5.2 Data Source and Data Set Preparation

The data source for the study is nearly a five 'geasllection of Amharic news articles from
the Ethiopian News Agency (ENA), which has morentH&%,000 news items in “html”
format. One of the reasons for the selection of EN¥ews database as the data source is the
availability of large collection of news items most which are labeled through an

established manual categorization scheme.

For data preparation, since the Amharic documerdgsewollected in their pre-defined
categories in “html” format, the whole data wasraed to “text” file formats by saving the

“html” files as “.txt” file format for further prgarocessing.

The source data were cleaned using manual inspeatid automatic methods. Automated
data cleaning and other pre-processing tasks wamged out using language processing
software. In pre-processing the news documentss @ssumed that a document is fully

represented by the phrases in it. The data preepsitg carried out in this research involved:

» data cleaning which involves removal of repeatedsn&ems, removal of
entry errors, etc.

* normalizing different letters of the Amharic scripat have the same sound

» identifying and removing stop words

» removing prefix and suffixes of words

» creating bigram and trigram phrase structures fiteerstemmed words

» selection of relevant attributes (features) of ndasuments

1.5.3 Tools and Software used
In this study the WEKA (Waikato Environment for Kmiedge Analysis)application
package is used as a tool to classify Amharic rivesiments. WEKAs an open source data

mining software developed at the University of WAIRO in New Zealand. The whole
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package is written in Java, so it can be run on playform. The package offers three
different interfaces.
* A command line interface
* An Explorer GUI (Graphical User Interface) inteaovhich allows different
types of data preparation, and modeling algoritoma dataset
* An Experimenter GUI interface: which allow runnimtifferent algorithms in
batch and comparing the results
WEKA is used in this research because the WEKA pgelprovides several classifiers for
automatic classification of preprocessed datasgte. one which is implemented in this
research is the Library of Support Vector Machingb$VM). Moreover, it is more
convenient and the researcher’s familiarity wite tbol and its additional facility like data
preparation using the Explorer GUI interface. Hengaaticularly the Explorer GUI is used

for the experimental processes.

Regarding the software, Python is used to procesbakic texts to prepare representative
phrases. This software is selected because it bhsstoto handle and process Amharic
characters (Fidels) and its familiarity to the asber. Therefore, all those text format of
Ambharic news documents which were converted froen“tiiml” to “text” file format have

been processed using this software.

1.5.4 Implementation Procedure
Automatic document classifications often utilizéfetient methods of feature representations
like bag-of-words and bag-of-phrases. For this aede bag-of-phrases (bigrams and

trigrams) were used to represent features.

Automatic classification involves identification dfeyphrases called feature phrases or

attributesfor representing documents. Huge text datasets haae millions of phrases
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representing the document collection in the datddetvever, not all phrases in the dataset
are useful for automatic classification. Classtima systems use stop list avoid stop words
from document attributes. Stop wordike NA: AG: A7L%:0w&  ANJ@+: and 140 are
considered irrelevant for classification. Moreoveome attributes may be irrelevant for a
given classification task. For example, if the tasko classify news items to the major news

categories, attributes such as the news creati@nade likely to be irrelevant.

After preprocessing, the experimental dataset asraeged to the format suitable for the
WEKA package that is used for the automatic clasgibn. WEKA requires the input data to

be rearranged in an attribute weight matrix befoieconverted to CSV file format.

The preprocessed dataset is rearranged in anuagtrieight matrix by:

v considering the whole dataset as a relation withgshattributes

v' considering three labels such as ‘PhraseFeatur€85IDF Values’, and
‘NewsCategory’ in the dataset as fields (columnbhefrelation

v’ taking each document instances as a separate recmstance (row) of the relation

v using the weight of attributes in a document asvidae of the fields for the instance
the document represents

v considering class labels as nominal attributebéndataset

After the arrangement, the experimental datasebiws/erted to CSV file format, which is
suitable for applying classifier algorithms prowidey WEKA i.e. Library of Support Vector

Machine (LibSVM).
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1.6 Scope and Limitation of the Study

The research focused for Amharic news items usimgge-based (bigra{Lnand trigran%)
feature representations. Moreover, not all comptmehthe news items are taken as news
documents for the experiment. Observation of thecgire of ENA’s news items shows that
a Headline contains a concise summary of a news @ed one can get the essence of the
whole news from the Headline. In addition, the othews components, the Keywords,
provide representative words. Thus, only these meajements, i.e., the Headline and

Keywords are taken as representatives of news items

Regarding the news categories, twelve Amharic neatsgories were considered. These are
Accident, Culture and Tourism, Economy, EducatiBolitics, Social, Defense, Weather,
Sport, Law and Justice, Science and Technology,Health. All of these news categories
have been used for the experiment in three grouips. first group contains four news
categories, the second group contains eight nevegaaes, and the third group contains

twelve news categories.

1.7 Organization of the Thesis

This thesis is organized into five chapters. Thet fchapter is introductory, in which the
background of the research is described. This eha@ito presents statement of the problem,

objective of the study and the methods followed.

The second part of the thesis is chapter two. bptdr two the techniques available in the
area of automatic classification are reviewed, thiedtechniques followed in this research are

described in detail.

Two words

Three words
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Sine the research is done for Amharic news docwneamapter three reviewed language

aspects that should be considered in the developohéext analysis.

Chapter four discusses the experimental part ofdbearch, which is the main concern of the

research. The results obtained from the experimenpresented in this chapter.

Finally, the conclusions drawn from the study amel tecommendations forwarded for future

work are presented in chapter five.
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CHAPTER TWO

TEXT CLASSIFICATION

2.1 Introduction

We live in the world where information has a greatue and the amount of available
information, mostly on the internet, has been ewmtially growing. There is so much
information around us, that it becomes a problenfirid those that are relevant for us.
Factors that contribute to the accelerated growtinformation include the computerization
of businesses, scientific and government transastas well as advances in data collection
tools ranging from written texts to satellite remaensing systems. In addition, popular use
of the World Wide Web as a global information sgsteas made access to huge amount of
data and information possible (Han and Kamber, pOB6cause of these, there are many
databases and catalogues of information divideal gategories, helping the user to navigate
to the information one would like to obtain. Mosttleeses information are texts and here the

text classification comes to the scene.

2.2 Basic Concepts of Text Classification

The concept of text classification is defined bymier of authors in similar ways. For
example, Blumberg and Atre (2003); Giorgino (2004dlgin (2004); Liao, Alpha and Dixon
(2003); Sebastiani (2005); Skarmeta, Bensaid aral (P@00) and Wang and et. el. (2005)
defined text classification as the task of autooadly assigning a set of documents into
classes (or topics) from a predefined set. Thendiefn given by Sebastiani (2002) and Klein
(2004) clarifies the concept of text classificatioore.

Klein (2004) and Sebastiani (2002) defined texssifecation as a mapping of text documents

to classes. To clarify, if C= {¢c @...cm} is a set of classes and D=1{db,...,dh} is a set of
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documents, the purpose of text classification 8gasng ¢ to d (1<=i<=m and 1<=j<=n) a
value ofO if the document jddloes not belong toi;cotherwise a value df. The mapping is

sometimes referred to as the decision matrix (KI2004) and it is depicted in Table 2.1.

d1 d ch
C1 a1 aj an
Ci a1 a
a
Cm anl | ... anj | ... ann

Table 2.1 Document to Class Matrix

In Table 2.1d,... d, refers set of documents;...c,, refers set of classes amag;...a,,
represent a value @fif the document does not belong to that categattyerwise a value of

1.

Therefore, text classification is the process ofamiag document representatives with class

representatives based on the similarity that éd@sveen documents and classes.

According to Sebastiani (2005), text classificatisra subjective task in the sense that two
experts, human or artificial, may disagree on theision of the category to be assigned for a
document. A news article could be filed under RidjtFinance, Sport, or any other class, or

even under neither, depending on the subjectivgmaht of the expert.
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2.3 Text Classification Approaches

Depending on the context of their application, ¢hare four approaches to text classification.
These are Manual, Rule-based, Supervised LearmddJasupervised Learning (automatic

classification.)

2.3.1 Manual classification

Manual classification is often used in library atethnical collections as well as in call
centers and forms-processing environments. Manlaaisification requires individuals to
assign each document to one or more categorieseTglividuals are usually domain
experts who are thoroughly versed in the categmugtsire or taxonomy being used. Manual
classification can achieve a higher degree of amyuralthough even domain experts will
occasionally disagree on how to categorize a dootifiéan and Kamber, 2006). However,
manual classification is more labor-intensive ahdrefore more costly than automatic

techniques.

2.3.2 Rule-based

In this form of classification, keywords or Booleampressions are used to categorize a
document. This is typically used when a few words adequately describe a category. For
example, if a collection of medical papers is tockessified according to a disease, then a
medical thesaurus that lists each disease togefitieits scientific, common and alternative

names can be used to define the keywords for estelgary.

While rule-based systems are effective for cargftuhing a limited number of categories,
the expense of defining and maintaining categasegenerally prohibitive for large scale

classification systems (Blumberg and Atre, 2003).

28



2.3.3 Supervised Learning

Most approaches to automatic text classificati@quire a human subject expert to initiate the
learning process by manually classifying or assigra number of “training documents” to
each category. This classification system firstlysia the statistical occurrences of each
concept in the example documents and then constanodel or “classifier” for each
category that is used to classify subsequent dostsraitomatically. The system refines its
model, in a sense “learning” the categories as deguments are processed (Blumberg and

Atre, 2003).

2.3.4 Unsupervised Learning

With this learning approach, preclassified documeme not required since the method tries
to exploit regularities found in the document anakengroup or cluster based on similarity.
The method, also called clustering, may not fouagories which are intuitive to humans

(Blumberg and Atre, 2003)

For both supervised and unsupervised learningsifieation must be accomplished only on
the basis of knowledge extracted from the documasiselves because the categories tell
no meaning or do not contain any knowledge like lipabon date, document type,

publication source, etc (Sebastiani, 2005).

Having discussed the different approaches, letows jnstify one of the approaches which is

best to text classification.

Text classification poses many challenges for iaaie learning methods since there can be

millions of word features. Automatic classifierewever, have many advantages because:

» they are easy to construct and update
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* they depend only on information that is easy forogle to provide,
information like examples of items that are in at of categories

» they can be customized to specific categoriestefast to individuals

» they allow users to smoothly trade-off precision aacall depending on their

task

Hence, due to the above reasons and their remarkedllts, a growing number of statistical
classification and machine learning approaches Haeen applied to text classification

including Support Vector Machines (SVM) which isdlissed in section 2.7.

In this thesis, therefore, automatic text clasatfan (supervised learning approach)
supported by limited Natural Language ProcessingP)Nechnique is used for the Amharic
news text classification. As a result, the basiocept of automatic text classification is

discussed briefly in the following section.

2.4 Basic Concepts of Automatic Classification

It is obvious that the goal of any classificationgess is to group similar documents together.
This implies, the procedure of classifying documsemito groups require a quantitative
measure of the "likeness" of the document for awiclass, and the separation of unlike

ones. In other words, it involves measuring sintjasf a document with different classes.

Whenever we talk of similarity of items, we arekiag of their similarity usually with their
attributes. The attributes can be anything thatasttarizes the bases of the classes for the
purpose of the classification process. Therefdre,first thing in the process of automatic
classification is to identify the attributes of doeents and classes so that the matching of the

two becomes simple or at least possible.
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In short, automatic classification is the procetsnatching document representatives with
class representatives to automatically assign i@lzegtson codes to documents based on the
similarity that exist between documents and clas3ée codes assigned to a document
should be the code of a class that has the maxignitarity value with the given document.

The following section discusses the uses of auticrokgssification.

2.5 Uses of Automatic Text Classification

Text Classification has been used for a numbeiftdrdnt applications: automatic indexing
for Boolean information retrieval systems, documengianization, text filtering, hierarchical
categorization of web pages, prepositional phratselament and word choice selection in

machine translation and data analysis/text datangnifBebstiani, 2002).

2.5.1 Document Organization

Indexing with a controlled vocabulary is an instauoc the general problem of document base
organization. In general, many other issues pengito document organization and filing, be
it for purposes of personal organization or straotyof a corporate document base, may be
addressed by Text Categorization (TC) techniquesiristance, at the offices of a newspaper
incoming “classified” ads must be, prior to pubtioa, categorized under categories such as
Personals, politics, economy, etc. Newspapers rigalith a high volume of classified ads
would benefit from an automatic system that chodseanost suitable category for a given
ads. Other possible applications are the orgawizadf patents into categories for making
their search easier, the automatic filing of newspaor news stories under the appropriate
sections (e.g., Politics, Home News, Lifestyles,)ebr the automatic grouping of conference
papers into sessions or case summaries may beapatllon a sort of case classification
(Sebastiani, 2002). Topic spotting for newswirerie® is one of the most commonly

investigated applications domains of TC (Yang, 2999
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2.5.2 Text Filtering

Text filtering is the activity of classifying a eam of incoming documents dispatched in an
asynchronous way by an information producer tonémrmation consumer (Sebstiani, 2002).
A typical case is a news feed, where the producer mews agency and the consumer is a
newspaper reader (Sebastiani, 2002). In this dhsefiltering system should block the
delivery of the documents the consumer is likelyt mderested in (e.g., all news not
concerning sports, in the case of a sports newspapitering can be seen as a case of
single-label TC, that is, the classification ofonting documents into two disjoint categories,
the relevant and the irrelevant. Additionally, kefing system may also further classify the
documents deemed relevant to the consumer intoatheirategories; in the example above,
all articles about sports should be further clasdifccording to which sport they deal with,
so as to allow journalists specialized in individgports to access only documents of

prospective interest for them.

Similarly, an e-mail filter might be trained to dasd “junk” mail and further classify non
junk mail into topical categories of interest te tiser. A filtering system may be installed at
the producer end, in which case it must route ti®thents to the interested consumers only,
or at the consumer end, in which case it must blibek delivery of documents deemed
uninteresting to the consumer. In the former cteesystem builds and updates a profile for
each consumer, while in the latter case, whichasmhost common, a single profile is needed.
A profile may be initially specified by the useheteby resembling a standing Information
Retrieval (IR) query, and is updated by the syshbgnusing feedback information provided
(either implicitly or explicitly) by the user onéfrelevance or non relevance of the delivered

messages (Androutsopoulos et al., 2000).

32



2.5.3 Hierarchical Categorization of Web Pages

Text categorization is crucial to find interestingprmation on the World Wide Web, and to
guide users search through hypertext (Joachim, )199@rarchical categorization of web
pages is decomposing the classification problema mtnumber of smaller classification
problems, each corresponding to a branching decican internal node. TC has recently
aroused a lot of interest also for its possibleliapfion to automatically classifying Web
pages, or sites, under the hierarchical catalogposted by popular Internet portals. When
Web documents are catalogued in this way, rathar tbsuing a query to a general purpose
Web search engine a searcher may find it easfastonavigate in the hierarchy of categories
and then restrict the search to a particular cajegd interest. Classifying Web pages
automatically has obvious advantages, since theuatarategorization of a large enough

subset of the Web is infeasible.

2.6 Steps in Automatic Text Classification

2.6.1 Document Analysis

Document analysis is the process of analyzing éx¢ of a document to find document

representatives out of it. As discussed by Cherd) Wu (1995) classification requires

document analysis, which is heavily dependent enrépresentation of the document. In fact,
document analysis is very important especially wtiere are a huge number of electronic
documents. The reason is manipulating this hugeaan for whatever purpose will be very

difficult in terms of storage space and processimg.

Generally speaking, document analysis is the aisalgé documents to find efficient
document representatives for the purpose of stoeagk retrieval, which is also called
indexing. The purpose of indexing is to obtain anber of descriptors, which act as

surrogates for the document. This means, given iiewrtext in natural language, it is
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essential to represent the information containethéntext by one or more entries, variously
known as indexes, keywords, key terms. In fact,dhssic models in IR consider that each
document is described by a set of representatokexiterms. These descriptors, or keywords,
can be obtained manually or automatically by compuwnalysis of the document file,
abstract or text. The problem is to choose "goadins, which collectively reflect the

information content as accurately as possible.

The representation can be by analyzing the whotement or only part of the document. For
instance, Losee and Haas (1995) have tried to bseetitles of the documents for
representation purpose while Kwok (1975) used &tld cited titles to represent documents.
On the other hand, Enser (1985) used back of bondk&xies to classify books. In fact, as
discussed by Enser (1985) documents can be suitédmgified by examining only limited
portions of the document, which can save considerdne and money. Therefore, the first

step in document analysis is deciding on the remtasion of documents.

2.6.2 Document Representation

From the beginning, documents can be consideradstteam of characters. However, for the
problem of automatic classification these streahwmikl be transformed into representatives
like single words or sequence of words (phrasesictwlare suitable for the process of

classification.

Due to the drawback of the bag-of-words featureéeggntation which destructs the semantic
relations between words (refer to section 1.2)this research a phrase based document
representation is used. Because, as discussedrasing phrasésas features incorporates

word sequence information.

3 : .
a phrase is a textual unit usually larger than edviowit lesser than a full sentence
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2.6.2.1 Phrase Based Document Representation in Text classification

Observing those limitations of bag-of-words featuepresentations, IR researchers have
expressed their dissatisfaction on this approacth,h@ve tried to use notions of features that
are at the same time semantically richer and teahlpifeasible. In particular, a number of

authors Mladenic and Grobelnik(1998), Furnkrar@9@), Schitze (1995), Schapire (1998),
Lewis (1992), Dumais(1998), Scott and Matwin (1998hixu Lil et al(2009), Crawford

(2006),etc. have investigated phrase based features

There are two kinds of phrases. These are symdhcticd statistical phrases. Syntactic
phrases denote any phrase that is such accordirg goammar of the language under
consideration whereas statistical phrase is anyesexe of words that occur contiguously in a
text. According to Caropreso, Matwin and Sebasti@@i01l) using syntactic phrases in

indexing seems an interesting idea, in that:

* syntactic phrases come closer than individual wootdstheir stems to
expressing structured concepts;

» syntactic phrases have a smaller degree of ambpigjugn their constituent
words

» By using syntactic phrases as index terms, a docuthat contains a phrase
that occurs in the request would be ranked highan &a document that just

contains its constituent words in unrelated comstext

Unfortunately, a number of researches that havesitnyated the usefulness of indexing with
syntactic phrases in IR have obtained discouragesglts. The likely reason for this is that,
although indexing languages based on syntacticsphrdave superior semantic qualities,
they have inferior statistical qualities with respéo indexing languages based on single

words Fagan (1987) and Lewis (1992).
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For instance, the phraseiclear waste disposalefinitely denotes an interesting, articulated
concept, but unless it occurs frequently enougthendocument collection it is unlikely to
make an impact in terms of effectiveness. Thisasibm is worsened by the fact that the same
concept may be triggered by related but linguidlicdifferent units (such aslisposing of
nuclear wasteDispose of your nuclear wastetc.), each of which is usually considered,
from the standpoint of frequency, a different unitiless the similarity of the underlying

concepts is recognized.

Also, not every syntactic phrase denotes an iniegesoncept: associate professortioes,

but “tall professor” does not, and telling a phrase that does frontluatedoes not is difficult.

Lewis (1992) has been the first to study the effexit syntactic phrase indexing in a text
classification context. He reported that, in thateat of a Na“ive Bayes classifier, this yields

significantly lower effectiveness.

Dumais et al. (1998) reported no benefit at alhfrine use of syntactic phrases with a variety

of text classifiers in the context of Reuters-218%Berimentation.

As a result, some researchers have attempted db aiway out of these problems by
understanding the notion of phrases in a statistiease, rather than syntactically, and do so
in a statistically interesting way. According torGareso et.al (2001) statistical phrases have

a number of advantages over syntactic ones:

» they may be recognized by means of more robustemsdcomputationally
demanding algorithms;
* the effect of irrelevant syntactic variants carfdxtored out; and

* uninteresting phrases (e.tall professoj tend to be filtered out from

interesting ones (e.gssociate professpr
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Accordingly, Mladenic and Grobelnik (1998) have distatistical phrases by extracting n-
gram$ of length up to 5 by means of a fast algorithnt tieéies on document frequency as a
statistical filter. On a Na'ive Bayes classifieplgd to a corpus of Web pages, they have
found that n-grams of length up to 4 give significhenefits with respect to the single words

case, while 5-grams do not provide additional biénef

Similarly, Rirnkranz (1998) uses an algorithm similar to thatMdddenic and Grobelnik
(1998) to extract n-grams of length up to 5 to thst performance of statistical phrases on
different classifier called Ripper On Reuters-21578he has found that Ripper has a
significant improvement in performance when n-grarshfength up to 2 were used, but that
longer n-grams reduce classification performanceawnother dataset of Useheewsgroup
articles he instead found also 3-grams to have adiliy, whereas the negative contribution

of larger n-grams was confirmed.

Moreover, statistical phrase-based approach has trvessl by other researchers for some
Asian languages like China, and significant improeats have been achieved using Support

Vector Machine (SVM) (zZhixu Lilet al, 2009).

SVMs are a set of related supervised learning nustingsed for classification (see section 2.7
for detail). Therefore, this research deals witbeasing the values of statistical phrases for
document indexing in the context of text categdrarafor Amharic news texts; the activity
of inductively learning to classify natural langeatgxts with topical categories from a pre-

specified set.

n-grams are sequence of words( whestands for two, three , four etc consecutive wprds
S e .
Text classification algorithm used by the research

News repositories of the Reuter in which theltotember of the documents are 21,578 used by relsea
for document classification

Collection of news data used by researcherstdrdiassification experiment
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In general, when we talk of statistical phfisesed document representation (bigrams and
trigrams phrases), a document that describes aitedncept is more likely to have phrases
from that domain. In other words, a document a&@aonomy will have a bigram phrase
“market pricé or its synonyms in it. A document that contaihse bigram phrasedeaching
learning', "school directot, "student centér "ministry educatioy "reading assignmeht
etc. more likely deals with theEtucatiori news category. Similarly, the trigram phrases
such as fharket price analysis”, “oil demand supply” etare more likely to deal with
“Economy” news classes. Similarly, documents that contagram phrases liketéaching

learning process “Higher Education Institutiohetc are likely to be undé€tEducation”

news categories.

The problem, however, is that all of tiparases (bigrams or trigramsh the documents
cannot be considered as features of documentseRatiy the good descriptors should be
taken to minimize the problem of storage and comtpart time. In fact, in the field of text
classification, it has been seen that maximum pedoce is often not achieved by using all
available features, rather by using only a “goodbset of those (Joachim, 1996). The

problem of finding these “good” subset featuresakbed feature selection.

2.6.3 Feature Selection
Feature selection is often an essential step indessification as text collections can have
more than 100,000 unique terms (words or phrag&noving less informative and noisy

terms reduces the computational cost and oftenawasr classifier generalization.

In order to select features a variety of rankingeda have been used in text classification
with varying degrees of success. Statistical temlnes to feature selection are widely used in

the area of automatic text classification. Statadtitechniques to text analysis and feature

Hereafter phrase mean statistical phrase
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selection are based on term frequénchhe pioneering work of Luhn (1958) showed
statistical analysis of the words or phrases iroeuthent will provide some clues as to its
content. The idea behind this principle is, a tdphrase) that is frequently present in a
document is useful to represent the document. Tolelgm, however, is how frequent should

a term (phrase) be found in a document to be aedegs an index term.

One technique proposed by Luhn (1958) says bothinenuency words and rare-frequency
words are unlikely to be able to represent docusmant should not be considered (Cheng
and Wu, 1995). The former are discarded becauseottwur too often to indicate the subject
matter and the later because they are too rarerefite, the remaining intermediate

frequency terms are assumed important.

It has also been proved that, grammatical funatvords such as "the", "and", "of" and "to"
exhibit approximately equal frequencies of occureein all the document collection and
should not be considered in the selection proCHEss.indexing technique, therefore, should
consider frequency of the content bearing wordy.ofihe frequency of occurrence of non
function (terms that relate to the subject of aegidocument) words may actually be used to

indicate term importance for content representation

Salton (1989) suggested an index extraction methatican be done using the following

three steps:-

1. Eliminate common function words from the docuimbg consulting a special
dictionary, called negative dictionary or stop wdisd, which contains a list of high

frequency words.

® term frequency is the number of times a term c&@ua given document
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2. Compute the term frequency;; for all remaining terms; in each documert;,

specifying the number of occurrencesoh d;.

3. Choose a threshold frequerityand assign to each documedyt all termst; for

which tf;; > T.

The main task in the above procedure is to findttlneshold frequency value that actually
affects significantly the result of the classificat A slightly low threshold will lead to close
classification, while a high threshold will lead #broad classificatidfi (Cheng and Wu,

1995).

In fact, a high frequency term is acceptable fatexing purpose only if its occurrence
frequency is not equally high in all the documeoitsa collection. That is, it must have a
discrimination power between documents (classds}l implies, some terms (phrases) have

high discrimination power than others.

Salton (1989) suggests a formula to evaluate a sistriminating power by an inverse

function. That is, in a collection of N documerifsa term¢; occurs indf; documents, then

the discrimination value of the term %/df- .
L

In other words, even after we identified the indexms, not all the terms are equally
important for classification. Some are more impatrthan others. The technique of assigning
importance value for terms is term weighting. InvilRighting is done to rank results for a
given query. Term weighting assigns indicatiohgmportance to terms. As a basic step in

automatic classification, the following sectioniews the term weighting techniques.

0
Close classification is classifying each subject@mpletely or as fully as possible, and Broadsification

is classifying the material only in main divisioasd subdivisions without using the minute breakdofvn
individual categories.
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2.6.4 Term Weighting

Term weighting assigns values to terms (phrases)itilicate their level of importance. The
importance of an index term (phrase) to a docungesshown by using weight (Giorgino,
2004). Term Frequency (TF), Inverse Document FrequdIlDF) and Term Frequency by
Inverse Document Frequency (TF*IDF) are common Waig methods to show the
importance of a term or phrase (Baeza-Yates and eilRiNeto, 1999).

Frqeuency in the document

T Weighti =
ermiveignting Frequency in all documents

TF: is the number of occurrences of a term in a deninThe weight of terrk in document

i, is given by:
TEF=FREQK: -« et Equation 2.1 Term Frequency
IDF: is a measure of the general importance of the.tequation 2.2epictIDF of a term.

N
IDF =logg* ..oiiiiiiiiiiiiiei, Equation2.2 Inverse Document Frequency

In Equation 2.2 N is the total number of documents in the collectidk the number of

documents in which tertkxoccurs.

TF = IDF: As the name impliesTF = IDF is the combination of'F and IDF weighting

methods.
TF = IDF incorporates two intuitions:

a) If an index term occurs more frequently in auwdoent, the index term is more

important for that document, tAerm Frequencyntuition.

b) If more number of documents contain the indexniethe index term is less

discriminating between the documents, liineerse Document Frequenoytuition.
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Equation 2.33howsTF * IDF.

N

TF = IDF =FREQ;;* lo B, Equation2.3 TF * IDF weight of ternik
9,

In Equation 2.3 FREQ; is the number of occurrence of tekmin document, N is the total

number of documents in the collectiatk, the number of documents in which teknoccurs.

2.6.5 Text Classifier Learning

A text classifier for a category is automaticalgngrated by a general inductive process (the
learner) by observing the characteristics of ao$gireclassified documents, which dictates
the characteristics that a new unseen documentdihawe in order to belong to a certain

category.

So as to build classifiers for a category, thera ieed to have a set of documents for which
the category is known. In experimental text clasaifon, it is customary to partition the set

of text documents into training set and test shbe faining set is the set of documents from
which the learner builds the classifier and thé¢ se$ is the set on which the effectiveness of

the classifier is evaluated (Sebastiani, 2005).

2.6.6 Evaluation of the Performance of the Classifier

According to (Tan.et.al, 2006) evaluation of thefpenance of a classification model is
based on the counts of test records correctly aodriectly predicted by the model. These
counts are tabulated in a table known as a confusiatrix. Table 2.2 shows a confusion
matrix for a binary classification problem. Eachrgif;; in this table denotes the number of
records from classpredicted to be of clagsFor instance,of is the number of records from
class 0 incorrectly predicted aslass 1. Based on the entries in the confusion matrix, the
total number of correct prediction made by the nhagléf11 + f00) and the total number

of incorrect prediction i§f10 + f01).
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Predicted class
class =1 class =0
class =1 fi1 fio
Actual class class = 0 for foo

Table 2.2 Confusion Matrix for a Two Class Problem

Although a confusion matrix provides the informatioeeded to determine how well a
classification model performs, summarizing thisomfation with a single number would
make it more convenient to compare the performafaifferent models. This can be done

using a performance metric such as accuracy, whidkfined as follows.

Number of correct predictions f11 + foo

Total Number of predictions  fi; + fio +fo1 +foo -.Formula 2.4

Accuracy =

Equivalently, the performance of a model can beesged in terms of its error rate, which is

given by the following equation:

Number of wrong predictions _ fi0 + fo1

Total Number of predictions  fi1 + fio +fo1 +foo ...Formula 2.5

Error rate =

Most classification algorithms seek models thatiatthe highest accuracy, or equivalently,
the lowest error rate when applied to the test Isethis research, accuracy is used for

evaluation of Amharic news text classifier.
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2.7 Machine Learning Approach (Support Vector Machine)

Machine Learning is considered as a subfield offidil Intelligence and it is concerned

with the development of techniques and methods hviitable the computer to learn. In
simple terms, it is the development of algorithmisicn enable the machine to learn and
perform tasks and activities. Over the period ofetimany techniques and methodologies

were developed for machine learning tasks.

Support Vector Machine (SVM) is one of the macHe®rning techniques. It was first heard
in 1992, introduced by Boser, Guyon, and VapnikCiaLT-92. SVMs are a set of related
supervised learning methods used for classificatind regression (P.Lewis, 2004). They
belong to a family of generalized linear classgieBVM is a classification and regression
prediction technique that uses machine learnin@rthéo maximize predictive accuracy
while automatically avoids overfitting (i.e. to astancorporating particular characteristics of
the training data that do not represent the wha&skt) to the data. Support Vector
Machines can be defined as systems which use hggistBpace of a linear functions in a
high dimensional feature space, trained with aniegr algorithm from optimization theory

that implements a learning bias derived from diatiklearning theory. SVM is being used
for many applications, such as hand writing analyfsice recognition, text classification and

so forth.

2.7.1 SVM for Classification

SVM is a useful technique for data classificatiénclassification task usually involves with
training and testing data which consist of somea dattances (Duda R, 1973). Each instance

in the training set contains one target value angeal attributes. The goal of SVM is to
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produce a model which predicts target value of dastances in the testing set where given

only the attribute values (Nello, 2000).

Classification in SVM is an example of Superviseshining. Known labels help indicate
whether the system is performing in a right wayot. This information points to a desired
response, validating the accuracy of the systenipeoused to help the system learn to act
correctly. A step in SVM classification involveseitification of features as which are
intimately connected to the known classes. Thisalked feature selection. Feature selection
and SVM classification together have a use evemvghmediction of unknown samples is not
necessary. They can be used to identify key seishwdre involved in whatever processes

distinguish the classes (Nello, 2000).

Other classification approaches perform poorly whemking directly because of the high
dimensionality of the data, but Support Vector Maek can avoid the pitfalls of very high
dimensional representations (P.Lewis, 2004). Onearkable property of SVMs is that their
ability to learn is independent of the dimensiayatif the feature space. SVMs measure the
complexity of hypotheses based on the margin witlickv they separate the data, not the
whole number of features. This means that we caergéze even in the presence of very
large features, if our data is separable with aawrgin using functions from the hypothesis
space. The following two arguments also explain teason in usingSVMs for Text

classification.

* High dimensional input space When learning text classifiers, one has to dati w
very many (more than 10000) features. Since SVMsaverfitting protection, which
does not necessarily depend on the number of &stdiney have the potential to

handle these large feature spaces (Joachim, 1998).
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* Most text classification problems are linearly sepable: All Ohsume(%’1
categories are linearly separable and so are mattyeoReuters tasks. The idea of
SVMs is to find such linear (or polynomial, RBF-RadBase Function, etc.)
separators (see 2.7.11 below).

These arguments give theoretical evidence that S\&suld perform well for text

categorization (Joachim, 1998).

2.7.1.1 SVM Model
SVM models for classification can be divided inttdistinct groups based on the error

function:

» Classification SVM Type 1 (also known as C-SVM eléisation)
» Classification SVM Type 2 (also known as nu-SVMssification)

 Classification SVM Type 1(C-SVM classification)

For this type of SVM, training involves the miniration of the error function:
—W Wt CZ@}
2 =l

subject to the constraints:

vl glx) +b)21-& and £20, i=1.W

where C is the capacity constant, w is the vectaoefficients, b a constant an— . = are
parameters for handling nonseparable data (inpUts.index i labels the N training cases.
Note thaty € £1 is the class labels and xi is the inddpat variables. The kerngl  is used
to transform data from the input (independenthfeature space. It should be noted that the

larger the C, the more the error is penalized.

11cIinicaIIy-oriented datasets
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 Classification SVM Type 2 (nu-SVM classification)

In contrast to Classification SVM Type 1, the Cifisation SVM Type 2 model minimizes

the error function:
1, . lig
—WW-vat— X5
T s
subject to the constraints:

v p(x ) +B)2 p=£L £ 20, =1 Nand p20

Compared to regular C-SVM, the formulation of nuA$is more complicated, so up to now
there have been no effective methods for solvingelscale nu-SVM (Joachims, 1998).Thus,

C-SVM classification is used in this research.
2.7.1.2 SVM kernels

Kernels are classes of algorithms whose task égtect and exploit complex patterns in data
(e.g.by clustering, classifying, ranking, cleaniatg,. the data). Typical problems are: how to
represent complex patterns; and how to excludei@miunstable) patterns (over fitting).

The first is a computational problem; the secora s¢atistical problem.

The class of kernel methods implicitly defines tieess of possible patterns by introducing a
notion of similarity between data, for example, i&nity between documents by length,
topic, language, etc. Kernel methods exploit infation about the inner products between
data items. Many standard algorithms can be remrigo that they only require inner
products between data (inputs). When a kernel usngithere is no need to specify what

features of the data are being used.
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In SVM there are four common kernels:

. linear kernel K(xi,xj) = %; X
- Polynomial kernel of degree h(X;, Xj)= (X;,.. X]-+1)h
- Radial Base Function (RBF) kernek(X;, X;)= exp (v/[X; — X;l[?)

- Sigmoid kerneli (X;, X;)= tanh(kX; X; - 9)

In general RBF is a reasonable first choice becthesé&ernel matrix using sigmoid may not
be positive definite and in general it's accuracynot better than RBF, linear is a special case
of RBF, and polynomial may have numerical difficedt if a high degree is used. In this

research RBF kernel is implemented whose kernetifom is:
exp (v[1X; — Xj|[»)

Thus, the RBF is by far the most popular choicekerinel types used in Support Vector
Machines. This is mainly because of their localizedl finite responses across the entire

range of the real x-axis

The following two classification problems providesight on how SVM works: the case

when the data are linearly separable and the chea the data are linearly inseparable.

2.7.2 Linear SVM: Linearly Separable Case
Considering the simplest case of a two-class probitere the classes are linearly separable
(meaning that we can draw a line on a graph of AJAY separating the two classes),

Let the datase® be given agxy, y1), (X2, ¥2), -, (Xjap Yja))

Where, xi is the set of training instances with associatads labelsyi.

48



Eachy; can take one of two values eithet or-1, corresponding to the two classes: class-

1 (Al) and class-2(A2) respectively. ihe. € {+1, -1}

This can be more elaborated using Figure 2.1 bddased on two input attributes Al

(squares) and A2 (circle). [J Class-1(A1), y=+1
O cClass-2(A2), y=-1
(] 0] O O
] O O
- ] O O
L]
Al [] O O A2
U O
[ O O

Figure 2.1Possible Decision Boundaries for a Linearly SeparBlata Set

Figure 2.1 shows a plot of data set containing gesnthat belong to two different classes
representing as squares and circles. The dates datearly separable; i.e. we can find a
hyperplane such that all the squares reside orsigeeof the hyperplane and all the circles
reside on the other side. However, as shown inrEi@ul, there are infinitely many such
hyperplanes possible. Although there training erame zero, there is no guarantee that the
hyperplanes will perform equally well on previousigseen examples. The classifiers must
choose one of these hyperplanes to representdtsiale boundary, based on how well they

are expected to perform on test examples.
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b21 B2 b22 igiaw for B2 (small margin)
| \ m - -
o O Class-1(Al), v
0 ooy N | o 0
- u \ \ O © O cl 2(A2)
E” ass- , Y=
O NN ' o © -
U O . P o
AL | O | o A2
_— NN
O <\
| AN
b1l Bl b12
Margin for B1 (large margin)
Figure 2.2 Margin for a Decision Boundary
Where,

B1 - the firsthyperplane that divides class Al and class A2 laithe margin

B2 - the secondhyperplane that divides class Al and class A2 wiitlall margin

b1l - in the matrix the first number 1 indicateg first hyperplane (B1) and the second

number 1 indicate class-1, i.e. Al

b12 - in the matrix the first number 1 indicateg first hyperplane (B1) and the second

number 2 indicate class-2, i.e. A2

b21 - in the matrix the first number 2 indicates thems® hyperplane (B2) and the second

number 1 indicate class-1, i.e. Al

b22 - in the matrix the first number 2 indicate the @&t hyperplane (B2) and the second

number 2 indicate class-2, i.e. A2
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From Figure 2.2 it can be seen that the 2-D dataliaearly separable and there are an
infinite number of separating lines that could bawh. The problem is to find the best line
that will have the minimum classification error previously unseen instances. Note that for
data with three attributes (3-D data) the probleould be finding the best separatipigne

Therefore, in general for n-dimensions the problesald be to find the bes$typerplane.

SVM approaches this problem by searching for thgimam marginal hyperplane. Consider
Figure 2.2, which shows two possible separatingelplpnes and their associated margin.
The figure reveals that both hyperplanes can ctiyretassify all the given data instances.
However, decision boundaries with large margins1(bb12) tend to have better

generalization error than those with small mardip®l, b22). Intuitively, if the margin is

small, then any slight perturbations to the decisimundary can have quite a significant
impact on its classification. Classifications ti@bduce decision boundaries with small
margin are therefore more susceptible to modelfittnleg and tend to generalize poorly on
previously unseen examples (Tan et.al, 2006). Ehiwhy, during the learning phase, the
SVM searches for a hyperplane with the largest marthe Maximum Marginal Hyperplane

(MMH).
A separating hyperplane can be written as

W.X4+Db =0 ... ccooviii i e e e e e e e e e Equation (2.6)

Where, W is a weight vector, namelyW = {w; w,,wz ,...wy}

n is the number of attributes, aridis a scalar referred as a bias.

Consider two input attributed,andA, as in Figure 2.2. The training instances are Ake,

X = (x1,x,), wherex; andx, are the values of the attributés andA,, respectively, foX.

Taking b as an additional weighty,, the separating hyperplane kguation (2.6) can be

rewritten as:
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Wo TWiX1HWoX5=0 (s e e e e e e e (2.7)

Any point that lies above the separating hyperpthne satisfies the equation:

Wo FWix1HWoX5 >0 e e e e =22 (2.8)

Similarly, any point that lies below the separatiygperplane satisfies:

Wo TW1X1 W X5<0 et e s e e e e e e e e e e e e s (229)

The weights can be adjusted so that the hyperpldef@sing the two sides of the margin can

be written as:

Hi=wg twixitwyox, S1Lfory,=+1 .. v e (2.10)

Hy=wy Wi x1twox, <l fory;= -Lo v e et e e e (2.11)

This means any instance that falls on or abéebelongs toclass-1and any instance that

falls on or belowH, belongs taclass-2

CombiningEquation (2.10) andEquation (2.11) one can write:

ViWg AW1x1tWoX5 )21, Vi e e e e e e e e e e e e e e (2.12)

Any training instances that fall on hyperplanes aatisfy equation (2.12) are called
support vectors They are equally close to the separating maxinmoanginal hyperplane

(MMH) (Han and Kamber, 2006).

52



Using a Lagrangialn2 formulation and solving for the solution using Ksin-Kuhn-Tucker

13 . . . .
(KKT) ™ condition, Equation (2.12) can be rewritten as a constrained convex quadratic

optimization problem.

Solving the constrained convex quadratic problemedgsiired to find the support vectors and
MMH and thus train the support vector machine. Suaimed SVM, are calletihear SVMs,
since the MMH is a linear class. Thus, the MMH d¢anwritten as a decision boundary,
based on the Lagrangian formulation

d(xT) = 3y @i X T+ Dy v e e e e e e e e (2.13)

whergy; is the class label of support vecigr

xT - is the test instance

b, - numeric parameters determined automaticallyhley3VM algorithm

a; - are lagrangian multipliers and

| - the number of support vectors
Using the test instances in equation (2.13) is how classification is done by SVMs. If the
sign of the result is positive, therT falls on or above the MMH, and SVM predicts that
xT belongs toclass-1 If the sign is negative, then' falls on or below the MMH and the

prediction is forclass-2(Han and Kamber, 2006).

The compact prediction model of SVM comes from thet that the learned classifier is
characterized by the number of support vectorserdtian the dimensionality of the data as

we discussed earlier. Hence, SVMs tend to be lessepto overfitting than some other

2
In mathematical optimization, the method.afyrange multipliers (named after Joseph Louis Lagrange)
provides a strategy for finding the maxima and mimiof a function subject to constraints.

3
theKarush—Kuhn—Tucker conditions (also known as tikaihn-Tucker or KKT conditions) are necessary
for a solution in nonlinear programming to be ogtinprovided that some regularity conditions arisfad.
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methods. An SVM with a small number of support gextcan have good generalization,

even for a high dimensional data.

2.7.3 Non Linear SVM: Linearly inseparable Case

When the data classes are not linearly separdideapproach used for linear SVM can be
extended to createonlinear SVMs for the classification of nonlinear separatf&da. Such
SVMs are capable of finding nonlinear decision liarres (i.e. non linear hypersurfaces) in

input space.

Nonlinear SVM extends the approach for linear S\Whg two main steps:

a) Transforming the original input data into higl#mensional space using a

nonlinear mapping and then

b) Searching for a linear separating hyperplanthénnew space. Thus getting a
guadratic optimization problem that can be solvesing the linear SVM

formulation

The maximal marginal hyperplane found in the newacspcorresponds to a nonlinear

separating hypersurface in the original space.

Considering the following example of transformatioh an input data into a higher
dimensional space, a 3-D input vector= (x; x,,x3 ) is mapped to a 6-D spade using

mappings:

D (X) =% , Pa(X) =x, P3(X) =23 Dy (X) = (x)*,P5(X) =x1 X,

,and ¢6 (X) = x1 x3

The decision hyperplane in the new space is linadrgiven as

d(Z) = WZ + b, where z are vectors
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Solving the above equation involves choosing aineal mapping to a higher dimensional
space and a subsequent costly calculation for kssitication of test instant™ (refer to

Equation 2.13). However, there is a way of avoiding both.

When searching for linear SVM in the new higher @nsional space, the training instances

appear only in the form of dot products (Han andhKar, 2006).
o(X)) . P(X;),

Where, ®(X) is the nonlinear mapping function applied tonsfarm the training

instances.

Moreover, applying &ernel functionk(X;, X;) is found to be equivalent to computing the

dot product on the transformed data instances, i.e.

Equation (2.14) shows how both nonlinear mapping and calculatiortransformed data

can be avoided. Afterwards the maximal separatygetplane can be found in a process
similar to linear SVM, though the non-linear SVMvaives placing a user-specified upper
bound, €, on the Lagrange multipliersy; . This upper bound is best determined

experimentally.

Some of the kernel functions that can be usedpiace the dot product (S&guation 2.14)

include.

Polynomial kernel of degree hk(X;, Xj)= (X;,. X]-+1)h cen een een e e e e (2.15)
Radial Base Function kernelk (X;, Xj)= exp (¥|[Xi — Xj[[®)............ (2.16)
Sigmoid kernelk (X;, X;)= tanh(KX; . Xj = 8) .. v v versvv v v v v e, (2.17)
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In summary, a machine learning approach to texssdiaation passes some steps as
discussed in the previous sections of this chapd@ren a pre-classified documents, the
words in a document are assembled into a dictioaad/ represented in a vector of terms.
After feature reduction from the vocabulary, thecwlments are trained by the learning
algorithm. Then a new instance is to be classifiased on the contents of the training data.

The following figure is a summary of machine leaghapproach to text classification.

Training ::> Assemble | Text
> Representation
Documen Document | P

Learning Algorithm | 1| Feature

N _
Extraction
Document Classified
New Document classifier
Documents
Vo

Figure.2.3 Text Classification Architecture
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CHAPTER THREE

THE AMHARIC WRITING SYSTEM

3.1 Introduction

Ambharic is the official working language of the Ieeal Democratic Republic of Ethiopia and
spoken by over 20 million people as a first or sectanguage. It is the second most spoken
Semitic language in the world (after Arabic) andselly related to Tigrinya (Atelach, 2006).
It is probably the second largest language in Bihigafter Oromo, a Cushitic language) and
possibly one of the five largest languages on theic&n continent. Following the
Constitution drafted in 1993, Ethiopia is divideda nine fairly independent regions, each
with its own nationality language. However, Amhaig the language for nation-wide
communication and was also for a long period thecpal literal language and medium of
instruction in primary and secondary schools ofdbentry, while higher education is carried

out in English (Atelach, 2006)

In spite of the relatively large number of speaké@rsharic is still a language for which very
few computational linguistic resources have beeveldped. Very little has been done in
terms of making useful higher level Internet or poter based applications available to those
who only speak Amharic (Atelach, 2006). It is tHect that instigated researchers in
processing the Amharic language. Observing thelgaween the language and its limited
application in information technology, researchbesre been trying to contribute to the
advancement of the language and its applicatidghandigital age. Among those researchers
Zelalem (2001), Surafeal (2003), Yohaness (200d)Vvaorku (2009) are some who had done

their study on Amharic texts, particularly on netegts using different machine learning
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approaches and bag-of-words feature representdtios.research as well is to contribute to
the effort that is undertaken to further the amilan of automatic Amharic language
processing in the area of document classificatiparticularly news classification using
phrase based feature representations.

Hence, this section briefly discusses about Amhamaracters, punctuation marks, numerals
being used, and the Amharic writing problems areldffiect of Amharic bag-of-phrase and

bag-of-words feature representation.

3.2 The Amharic Character Representation

Geez has been used as a language of literaturthiopia and is now used for the liturgy of

the Ethiopian Orthodox Church. Written Geez carirbeed back to at least the 4th century
A.D. The first versions of the Geez script includady consonants while the characters in

the later versions represent consonant-vowel (G¥npme pairs (Yohannes, 2007).

Amharic has borrowed most of its characters fronezGédike Geez, the Amharic writing
uses characters created by a CV fusion. Seven goavel used in Amharic each of which
comes in seven different forms (orders) reflectimg seven vowel sound® (A A. A &

A h). That is each of the 33 Amharic characters leasrs forms representing a consonant
and a vowel at the same time which makes the Amlsanpt syllabic. The first order is the
basic form and there are 33 basic forms with smvd&ons for each giving 231 characters
(Getachew, 1966). As an example, the symbolic sgmrations of the seven forms of the

Ambharic characterd (ha),A (le), #» (me) are shown in Table 3.1
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1% order | 2"order | 3%order | 4"order |5™order | 6™order | 7™ order
v U 7. 7 A v v

Ha Hu Hi Ha He H Ho

I Q. A, 1 Q, [\ a°

La Lu Li La Le L Lo

v . . ™y ) go D

Ma Mu Mi Ma Me M Mo

Table 3.1 Seven forms of Amharic Characters

According to Bender and et. al.(1976) in additiorthiese, there are four so — called labio—

vellars, which have five orders (e.g» ¥~ £ £ ¢*~) and eighteen additional labialized

consonants (e.d. . & 0. . ¥ Q). Alisting of the whole Amharic character sesal
called fidel ¢.£A\) is attached in Appendix 1.

Totally, the Amharic alphabet has around 290 lIsttdthe alphabet does not have any

distinction between capital and lower case letters.

3.3 Punctuation Marks

Amharic has its own punctuation system where tmeb®y : (hulet netebis used to separate
words, the symbal (netela serezp used as a comma, the symbdtereb serezis used as a

semicolon, and the symbelarat neteb is used as a full stop. The question and exclamat
marks have recently been included in the Amharitinvg system (see Appendix 2 for the

list).

3.4 Numbers

Numbers in Amharic consist of single charactersoioe to ten, for multiples of ten (twenty

to ninety), hundred, and thousand (see Appendiar3He list). According to Bender et al.
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(1976), these characters are derived from Gre&dréetand some were modified to look like
Amharic Fidel. Each of the symbols has a horizostadke above and below. There is no
symbol for zero in the Amharic script. As a respkeople generally use the Hindu-Arabic
numerals. Ethiopic numbers are used mostly in mgitdates and page numbers in text

(Bender et al., 1976).

3.5 Problems in Amharic Writing System

A number of problems have been observed regardiagwriting system of the Amharic

language. These problems are discussed below.

3.5 1. Characters (Fidels) with Different Form

Sometimes more than one character is used forasisalund in Amharic language. Though
the various forms have their own meaning in Getkere is no clear cut rule that shows its
purpose and use in Amharic according to Benderedandl.(1976). Table 3.Rlustrates the

different forms of Amharic characters with simi&sound.

Characters (Fidels) | Other forms
U (h&) 1,7

w (sa) (]

h (8) 0

A (tsd) 0

Table 3.2 Amharic Characters with Different Formhshe Same Sound

These different representations of the same sauifferent forms pose a problem for the
classifier during feature preparation for text slfisation. For example,A0AY® AP 4 .G’

may be written in different forms across differdocuments like?a9° %P4 .S’ or ‘0A9®
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044 LS. This variation of letters in each phrase hasegative impact for the machine

learning process.

3.5.2 Transliteration Problems

Transliteration from foreign words to Amharic worndsalso another problem. The problems
resulted from the use of loan words that are boedivom other languages and that do not
possess their own translation in Amharic. The wt@kford” may be transliterated as
ANN4.C L (oxferd) or aAnNG.C L (oxford) (Bender et al., 1976). In addition, therd
“Television” could be transliterated in differenbrins of the Amharic characters like
AT, BAAN?, or -HA-Z. Again such transliteration problems could negagiv

affect the classifier.

3.5.3 Abbreviations
No consistency is kept in writing Amharic abbrewdas. For example, the phrasé«»-1-
J°V{., meaning ‘AD’, can be abbreviated 22°, %.9° or %/9°. This poses challenges since

the same word is treated in different forms in fgniecess of feature preparation for text

classifier. This inconsistency creates anotherlproldor automatic classification.

3.6 Amharic Bag-of-Words vs. Bag-of-Phrases in Text Classification

As discussed previously (in sectionl.2), the maiawback of the &g-of-wordsfeature
representation is that it destructs the semantatioas between words by using words in a
phrase separately. For example, the phraseC 0" which means “football” intuitively is
classified under the domain “sport”. However, giwdrmag- of-wordsof a document in which
words ‘A“2C” (foot) and ‘0" (ball) occur, one can suggest that the documenalking
about amanimal or afurniture leg or about @all which is not specific to football. Whereas

given a document representation that contains asphth?C 0", the reader will not be
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mistaken about the topic of discussion. Moreovieigls words are rarely specific enough to
support accurate discrimination. For exampl:;{1CG 9°C9°C"(agricultural research) if
the single term 9°C9°C™” ( research) occur more number of times in a doent about
medical science than a document about agriculture, word-basedsdication cannot
distinguish the phras2-(1C% 9°Cov(C (agricultural research) (Worku, 2009). Consequentl
misclassification problem could occur, i.e. a doeatrwhich talks about agriculture will be
classified under Health news group due to the sitgim Y°C9°C” (research). However, if
the phrase ?(1C% 9°Caon(” (agricultural research), is taken together thisahaissification

problem might not occur.

Furthermore, thebag-of-wordsrepresentation approach increases the dimensipnalit
feature space which is known to have a negativexeéin the classification performance. For
example,o 8.4 'I7 9°NC (L-1+ (Federation Meker Bet) corresponds to one featsiegu
bag-of-phrases (trigram)approach and corresponds to three featuredag-of-words
approach. Above all, information is lost due totfiea splits which affects achieving higher

classification performance.

Therefore, using phrases as features is one @oldbr incorporating word sequence

information into the Amharic news text classifioati
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CHAPTER FOUR

AUTOMATIC AMHARIC NEWS TEXT CLASSIFICATION

4.1 Introduction

In this chapter the data source and data filtenmeghanisms carried out will be explained
briefly. Moreover, the preprocessing algorisms. (i major preprocessing algorithms
developed to process Amharic news texts like charagidel) normalization, stemming,
stop word and number removal) will be discussea piocesses involved in selecting class
representative phrases out of the news items afeggory will also be explained. In addition,
the steps followed in the conversion of the prepssed data to the Coma Separated Value
(CSV) file format which is appropriate for use in WEKAmjgation package to classify the
Amharic news texts will be discussed. Furthermaine, experimentation on training and
testing the classifier, and the evaluation procesldollowed for automatic classification of
Amharic news texts will be detailed. Finally, therfprmances of the WEKA classifier
(LibSVM) for two phrase structures (bigrams andyrkm) at different number of news

category levels will be compared and the resultsbeidiscussed.

4.2 The Data Source

As discussed in section 1.5.2 the data for thidysisi collected from Ethiopian News Agency
(ENA). ENA news items are manually classified itteelve major and ninety eight sub
categories. All in all 16,075Amharic news items‘mml” format are collected from 2006-

2010.
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However, not all of these news items are usefukHerclassification experiment because of
errors made during data entry and manual classditaTherefore, applying data filtering

was the right approach in order to take relevantsngocuments.

4.3 Data Filtering

Due to the problems of ENA's news classificatiostem discussed in section 1.2 not all
news items were taken for this research. Hence fdahewing filtering procedures were
followed.
As discussed earlier, news items were considenethéostudy only if they have data for the
Headline and for the Keywords. If data is missingne of the two news sections, the news
item is dropped. A lot of attention was given fde tidentification and clearing of the
misclassification errors using manual scanninghefriews items, a process which took a lot
of time and effort. As a result, the following dégation errors were identified.

* Entering the same news items to more than one @ateg

* Entering a news item two or more times into onegaity

» Entering news items to categories that have noioelto the news
After the identification of the misclassified newems, necessary corrective actions were
taken during the sampling of news items for theeeixpent, i.e., duplicate news items were
not considered for the experiment.
For example, in the Social category, 2440 datayesriors were identified. Out of which 350
are repeated news entries, and 2090 are entrieddh#ot belong to the Social category (i.e.
classification errors). Out of the 208(ssification errors, 1076 belong to the Educatiba
Economy, and the Health categories, and the reist b8long to the Politics and Culture and
Tourism news categories. Similarly, a total of 40@cords of the Sport, the Accident, the

Weather, the Defense, and Science and Technolaggarées were identified as repeated
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entry and misclassification errors. All these atgg were performed with the help of an

expert from the news agency.

Table 4.1 shows filtered news documents for thelystafter correcting the identified

classification and data entry errors.

No. | News Categories Total No.of | No. of news| No. of News items
News Items| Iltems considered Emppe‘j due to
Collected frors
1 | Culture and Tourism Qa4 | 1110 720 390
16 NY°)
2 | Economy h.n5“7) 1734 1481 253
3 | Education {+#°vC-T) 917 670 247
4 Health (n.%) 1160 584 576
3) Law and Justice?5 -1-v) | 1289 820 469
6 Politics ¢"a-L:h) 1786 1200 586
7 Social C7V(14-P) 4764 2324 2440
8 | Sport 07°CT) 809 480 329
9 | Accident h£.7) 1102 850 252
10 | Weather CAPC U+3)) 1241 325 916
11 | Relations, Defense, andl915 200 1715
Security 7
AN LT LUT1T)
12 | Science and  Technology@82 120 862
(AL7705 N5 e E)
Total 16,075 9,775 6,300

Table 4.1 News Documents Considered for the Exparim

Hence, from the total 16,075 news documents ceeétom ENA after filtering was done

only 9,775 news items were selected for the ExpamimThese 9,775 documents were taken
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for further preprocessing. The following sectiomefly shows the preprocessing subsystem
applied to the Amharic news documents, the detagheplanation of each preprocessing

subsystem (algorithm) is discussed in 4.5.1.1

4.4 The Preprocessing Subsystem

The preprocessing step of the experiment involMesge-level processing of the source
dataset with the ultimate aim of identifying feayshrases that are representatives of the
documents in the dataset. This step also involvesonversion of the preprocessed data to
CSV, which is suitable for the WEKA package used foroanatic classification. Figure 4.1

shows the components of the design of the prepsowesubsystem.
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Document Input

M

Tokenization

J

common form (spelling normalization)

Conversion of symbols with the same sound to

!

Removal of stop words

|

Removal of common prefix and affix
(stemming)

j> Controlling for semantic loss as the
result of affix removal

the stemmed words

Creating phrases (bigrams and trigrams) fro

~_

!

Calculation of phrase frequency (within and
across documents)

Calculation of the normalized weight of
each phrase

Selection of feature phrases representing a <

document

!

Conversion of the pre-processed dataset to :

CSV

Input to the Weka package for automatic
classification

Figure 4.1 The General Description of the DatgpRieessing subsystem
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4.5 Document Processing

Section 4.4 depicted the graphical representatdrdata preprocessing steps which should
be taken for Amharic news document preparationcfassification. This section goes in
detail with document processing that are importemt the efficiency and accuracy of
automatic classification, i.e., relevance analyd#éta reduction, data transformation, and data

conversion.

4.5.1 Representing Documents by Relevant Phrases

Since documents are considered as a collectiorhi@sps for the purpose of classification,
identifying phrases that adequately represent amdeat is important. A document can have
many phrases but not all phrases of a documenegually important to uniquely identify

documents. We need to have a mechanism to représemnents.

A text document is typically represented as a weatphrase weights (phrase features) from
a set of phrases (dictionary), where each phrasare@t least once in a certain minimum
number of document. A major characteristic of tleat tclassification problem is the

extremely high dimensionality of text data. The m@mof potential features often exceeds

the number of training documents.

Document preprocessi%ldé and dimensionality reduction (DR) allows an e#i data
manipulation and representation. DR is the exctusiba large number of keywords, based
preferably on a statistical process, to createva domension vector. Effective dimension
reduction makes the learning task more efficiert sewe more storage space. DR is a very
important step in text classification, becauseesrant and redundant features often degrade

the performance of classification algorithms bathspeed and classification accuracy and

All the preprocessing activities like charactermalization, stop word removal, stemming etc, daise
with Alemu Kumilachew as group project
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also its tendency to reduce overfitting. DR teches can be classified into Feature

Extraction (FE) and Feature Selection (FS) appresicis discussed below.

4.5.1.1 Feature Extraction

The process of preprocessing is to make clear dhneéeb of each language structure and to
eliminate as much as possible the language depetridetors, tokenization, stop words
removal, and stemming. FE is the first step of pyepssing which is used to present the text
document into clear phrase format. So charactenalization, tokenization, removing stop
words, and stemming words are the pre-processskgtddence, the steps which took place

for feature extraction for text classification aiscussed below.

4.5.1.1.1 Character Normalization

In Amharic language there are different variantsludracters (Fidels) which have the same
sound but different forms (shapes). Among theseadhters, for exampley) (ha) has
different forms such astf’ : “?” : “h” : “T1’. All these different forms of characters
(Fidels) represent the same sound. Therefore, thasants of characters (Fidels) need to be
converted to the same or common character forrp&ha order to avoid representing the
same phrase using different letters having the ssmoed which will negatively affect the
frequency of terms with in a document and/or acdmasiments. Therefore, by representing a
common letter (Fidel) for all characters which hahe same sound as done Hikir
EskemekabifHaddis Alemayehu, 1958), we can control the eféédetters having the same
sound and increase the occurrence of terms in angdocument. The algorithm of
normalizing characters (Fidels) which is implemeniie the process of Amharic news text

classification is shown in Table 4.2 below.
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Read the content of a file
Do
If word exist in variant list then
Replace with common character
End If
Assign the content to a variable
While End Of File

Table 4.2 Algorithm for Character (Fidel) Normalipa

The algorithm implemented (Table 4.2) was effectivehat all variants of characters (Fidels)

were replaced to their common forms.

4.5.1.1.2 Tokenization
Tokenization is the process by which tokens arentiied as candidates to be used as
features. Candidates in the sense that stop wodls@ambers are removed from tokens. And

tokens which do not satisfy Document Frequency ({BF§sholding are not considered.

In this study, phrases (bigrams and trigrams) akert as tokens. All punctuation marks
except end of a sentence)(are converted to space and space is used asdadewrarcation.
The exclusion of the punctuation mark) (from the removal list is to use it as controleoid

of a sentence while creating phrases i.e. to acoichbination of words from different
sentences. A phrase should be created from itssewtence. The last word of a sentence and
the first word of the next sentence should not mlmned together to create two or three
consequent word phrases. If done, this may cregtlerase which has different context in
meaning from a given category of news items. Fange, if the first sentence of a news

item which talks aboutport categoryends with ‘sport federationN¢"C -1 é..8,6é 01°7) after
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stop word removal and the next sentence talks ath@uparticipation of youths in football
games and starts with the wondotatoch (-, i.e. the first and the next sentence is
written as (“.....A7C1 4.6407% AnJwd 2 @wAFF QLT 1416,
combining these words ( the last word of the fagshtence and the first word of the next
sentence) will create a phrase which has diffecentext. Taking those words will create a
phrase which belongs to a different news categ®his phrase is £.6,4 17 w-+F
which is undermpolitics news categoryArL7'w# is removed as stop word). Thus, while
removing punctuation during the tokenization prece® need not avoid end of sentence
punctuation mark:(). This punctuation mark declares the end of aeswet Therefore, by
using this punctuation mark we can control readi@gtences and creating phrases only from
each sentence and we can avoid combining two wwhdsh may have extremely different
context from a given news category. The followiadplé 4.3 shows the algorithm for the

tokenization process.

Read content of file
Do

If the content has punctuation marks except eralsgntence

Substitute it with blank space
Split each word and assign to a variable

While End Of File

Table 4.3 An Algorithm for Tokenization

The next step in the process of feature extradsostop word removal which is discussed

below.
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4.5.1.1.3 Stop word Removal
As discussed in before, stop words are non conbearing words, which are less
discriminating among documents since they appeaalnmost all documents. Using this
concept, all high frequency words that exist ind@ltuments were retrieved and reviewed to
identify stop words of two types. These are newscsigc stop words and common stop
words.
a) News Specific Stop Words
Reporters and journalists most of the time reporingident to the public. As a result, they
use vocabularies peculiar for this purpose. An gtarof such words, which they use very
frequently, is “notify” @OJ-@P: 1007 hoval-l: m$oo: 1), Basically, they use this
word when reporting about an official or organiaatl press release. In fact, these words are
pure verbs and are usually found at the end ofngesee. Therefore, the identification of
these words was done in two steps:

» List of high frequency terms from all news categemwere selected.

* Then, common terms in all categories were seledad, the result was reviewed

manually. The assessment was made with an expenttfre Agency.

b) Common Stop Words

Like other languages, some words in Amharic arel weey frequently in the normal usage of
the language. There are common stop words whiclused for grammatical purposes like
10 10C: PTI° AT : IC 17, etc, which are not informative to identify onecdment
from the other. Because of the unavailability oingpoehensive standard stop word lists done

by previous researchers, the researcher of thity séurequired to develop stop word lists.

Since stop words are highly frequent words, totafdiency of terms aided by manual

inspection, is the method employed in the procésdemtification of stop words. Stop word
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list is prepared after identifying stop words; st that contains, words which have to be
removed from tokens (keyphrases) generated duhagdkenization process. The need of
manual inspection is because of frequently occgrkayphrases. Using the two techniques
mentioned above a total of 984 stop words were ywed, and the implementation of this
step reduced the feature size on average by 20&ostdlp word lists are listed in appendix 4.

Table 4.4 demonstrates the algorithm in removing stords and numbers from token list.

Read each token from token list

If token in Stop List then
Remove from token list

end if

If token is number then
Remove from token list

end if

Table 4.4 An Algorithm for Stop Word and Number Resal

4.5.1.1.4 Stemming
Stemming is the process of changing varying wodds, to grammatical reasons, to the root
form of the word. It is one of the preprocessingktgamade on Amharic text news for this

study. Stemmer that can remove common Amharicyeefand suffices is developed.

Rules are applied to find the stem of Amharic worllse rules to remove prefix or suffix
from a given word may not hold true always. Fotanse, removing?’ (‘ne’) from the word

‘NCAOTLPe7 (‘kersetiyane’) would give NCAO-E.2 (‘keresetiya’), which is meaningless; and
removing (I’ (‘be’) from ‘(1CN&  (‘berbri’) gives €&’ (‘rbri’),which does not represent
the original meaning. Hence, two exception listsengrepared for which affix removal rules

do not apply.
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» List of words that prefix removal rule does notdhole and

» List of words from which suffix removal rule doestrapplied.
The stemmer developed takes words as an inputeandves prefix of the word. After the
prefix is removed, the word is again checked l&gts with suffix in the suffix list, if so, the

suffix is removed from the word. The following Talt.6shows the stemmer algorithm.

Read tokens

For each token in list

If token starts with prefix
If token not in prefix-exceptional list then
Remove prefix

End If

If token ends with suffix

If token not in suffix-exceptional list the
Remove suffix

End if

Update token list

Table 4.5A semmer Algorithm

An example of words with prefix and suffix removiedgshown in Table 4.6 below.

Original word | Prefix | Suffix | Stemmed(roo) word

o N P Ak T B P07 | 196

S PAE T PF | 1996

Table 4.6 Example Prefix and Suffix Removed

The second pre-processing step in the processedo@fment representation is feature

selection which is discussed below.
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4.5.1.2 Feature Selection

After feature extraction, the other important step the preprocessing task of text
classification to construct vector space which ioves the scalability, efficiency and

accuracy of a text classifier is feature select{ie8). The main idea of feature selection is to

select subset of features from the original documen

Feature selection is performed by keeping the pisragith highest score according to
predetermined measure of the importance of thesphfBhe selected features retain original
meaning and provide a better understanding fordii&a and learning process. For text
classification a major problem is the high dimenaldy of the feature space. Almost every
text domain has much number of features, most esahfeatures are not relevant and
beneficial for text classification task, and eveme noise features may sharply reduce the
classification accuracy. Hence, FS is commonly usetext classification to reduce the

dimensionality of feature space and improve theieficy and accuracy of classifiers.

There are mainly two types of FS methods in machesning; wrappers and filters.
Wrappers use the classification accuracy of soraenileg algorithms as their evaluation
function. Since wrappers have to train a classfbereach feature subset to be evaluated, they
are usually much more time consuming especiallynahe number of features is high. So
wrappers are generally not suitable for text cfasgion and are not implemented in this
research. As opposed to wrappers, filters perfoBnn@ependently of the learning algorithm
that will use the selected features. In order taleate a feature, filters use an evaluation
metric that measures the ability of the featuredifferentiate each category. In text
classification, a text document may partially matediny categories. We need to find the best
matching category for the text document. The tepirgse) frequency (TF) approach is

commonly used to weight each phrase in the textimient according to how unique it is. In
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other words, the TF approach captures the relevamegng phrases, text documents and

particular categories.

Using the TF approach those features (phrases)goitid discrimination power have been
selected for the Amharic news text classificatiasks. Hence, dimensionality reduction
method using Document Frequency (DF) thresholdingarried out to reduce features further
(see Table 4.7). The reduction is required to regrenews with the most important features
and hence, reduce computational complexity. DF evabfi a phrase is the number of
documents which contain that phrase. Therefore,jD&xperimented for each category to
identify features which can well represent and riisimate each category. In doing so, a
semi-automatic technique is employed to identify thost representative phrases for each
category. This enables to check important phraseshwdo not satisfy the DF threshold and

also irrelevant phrases which satisfy the DF thokesh

For example, the phrasehfC ao’71£” (“Airline”) occurred in 37 news items in the
category “Accident” which satisfy DF threshold. Bbe term is not keyword for the category
according to the experts’ judgment; as a resudt,témm is excluded from the features list of
the category. On the other hand, the phrage-(2'1A7 A£.2” has DF of 26, which is below
the threshold, but it is the most important keygbran the category “Accident”; hence, it is

included in the feature list to represent the aaiteg
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No. | Major News Categories Total No. of | DF Threshold No. of Features
Documents Selected
1 Culture and Tourism QA% | 720 20 127
(AIPAd
2 Economy h.n%°?%.) 1481 30 570
3 | Education {#°vVC-T) 670 30 366
4 Health (n.%) 584 30 458
5 | Law and Justice?% 4-1v) | 820 30 246
6 Politics ¢Z"a-L:h) 1200 30 658
7 Social (7V(14-P) 2324 40 934
8 Sport 07°C-T) 480 20 180
9 | Accident h£.7) 850 35 301
10 | Weather CAPC U-2)) 325 15 87
11 | Relations, Defense, ana00 10 37
Security 7
AN PT LVUT1T)
12 | Science and  Technologyl20 10 41
(A L70G thT e E)
Total 4,005

Table 4.7 DF Threshold and Number of Features &mhECategory

4.5.2 Data Transformation

After feature selection, a document is treated @kedation of the representative feature
phrases while the whole dataset is a collectiodomuments. Feature phrases representing a
document are therefore attributes of the docunteait are given some value to reflect the
degree to which they represent a document.

In this study document attribute values are catedlaising the frequency of feature phrases

in a document. The frequency is then normalizedhasvn in Equation 2.1. The attribute
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values are scaled by the inverse document frequiaratygr (using the relation in Equation
2.3) to reflect how uniquely an attribute represeat document with respect to other
documents of the same category. Moreover, an at&rils taken as document representative
only if its frequency in the document is greaterttone (before it is normalized).

For example, consider the two phrafék&+ AA“? (Flag) and'N4C -N%4A-N0 (Nations
and Nationalities) that are found in two differelttcuments that belong to the Culture and
Truism news category. Both phrases are taken as attriboftetheir respective news
documents becaugg?£+ AA“?7 has a frequency of 7 and is found in 4 Culture Borism
documents whilel2C 1240 has frequency of 5 and is found in 35 Culture Andsm
documents. The phras@7&+ hA“?, however, has much bigger attribute value
(5.12330530552) than the phraf&C -1%40-1 with an attribute value of (2.98859476155),

hence it is more discriminative.

4.5.3 Data Conversion

After feature selection is completed and numbdeafure phrases per category is known, the
next step is converting the dataset to a formatap@te for automatic classification. As
discussed in section 1.7, WEKA application pack&égeised to classify Amharic news

documents.

WEKA expects the source data for classification to bedamma separated value (CSV)
format. After finding the TFIDF value (phrase weigbf each feature per category the result
is exported to Microsoft Excel application and saweth coma delimited (CSV) file format

to make it ready for classification. A sample o thprocessed data is shown in Table 4.8.
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No | News Category/class | Features(phrases Phrase gt

1 hL.J/Accident hAoO-CTA7 hL.) 3.32192809489
2 hL.J/Accident V7 75> 3.11010011111
3 hL.2/Accident ho-d° 740 3.11010011111
4 hL./Accident NLL ANl 3.50154101222

6 A4-9°VUC-1-/Education | @ IC “I01"7C 2.01267542121

7 T9°UC-T/Education | £V 9L 2.03521013111
8 A.nG2/Economy T S 1 P 2.09120313122
9 N7"C-l*/sport A%C 10 0.29836212312

Table 4.8 Sample Experiment Data format

4.6 The Experiment

In order to deal with the effect of two forms ofrpbe structures (i.e. bigrams and trigrams)
for Amharic news text classification system, thxperiment was performed in two phases.
The first phase was done using bigram phrase stegtfor different numbers of news
categories. Bigrams phrases are those phrases ahechhade up of two sequential words
after preprocessing is performed on the news dontsn€he second phase of the experiment
was performed by using trigram phrase structurasiwtonstitute of three sequential words.

The only difference between the two experiments representing features.

In addition, to see the performance of the clamsdt different category levels for both phrase
structures, the experiment was done on various ewsnif news categories. The experiment
started with four categories, and then the numbetategories is increased to eight and

finally all twelve categories were tested. Finallye results of the classifier on both phrase
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structures (bigrams and trigrams) are comparedaaatyzed as a better phrase based feature

representation for automatic Amharic news textsifestion.

For the reasons discussed in Chapter 2, for bgibrerents Support Vector Machine (SVM)
was used. WEKA came about through the perceivestl fer a unified workbench that
would allow researchers easy access to state-edrthtechniques in machine learning. The
WEKA version 3.6 used for the experiment comes with following SVM classifiers:
GaussianProcesses and Sequential Minimal Optinoiza{(SMO). Moreover, WEKA
supports an add-on SVM function Library of SVM (B¥¥M). The LibSVM is implemented

in WEKA by the classifier class: weka.classifienagtions.LibSVM.

The whole experiment dataset has two types obats: numeric attributes for the weight of
the feature phrases and nominal attributes for daegory labels .Since the
GaussianProcesses function cannot handle nomiaased, only the performances of the
LibSVM and the Sequential Minimal Optimization (SMOlassifiers were tested on the
dataset. After testing the dataset with both th&1SDd the LibSVM classifiers, the LibSVM

classifier was found to be better. Hence, LibSVMssd for the experiment.

4.6.1 Model Building Using Bigrams and Testing Classification Accuracy

Classifiers rely on being trained before they oalrably be used on new data. Of course, it
stands to reason that the more instances thefa@assiexposed to during the training phase,

the more reliable it will be as it has more expare

However, once trained, we would like to test thesslfier too, so that we are confident that it

works successfully. For this, yet more unseen ntsa are required.

A problem which often occurs is the lack of readdyailable training/test data. These

instances must be pre-classified which is typicalige-consuming (hence the reason to
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automate it with a software classifier). A nice huet to circumvent this issue is known as

cross-validation. It works as follows:
1. Separate data into fixed number of partitiomdgtuls)
2. Select the first fold for testing, whilst themraining folds are used for training.
3. Perform classification and obtain performancéricse
4. Select the next partition as testing and usedsteas training data.
5. Repeat classification until each partition hasrbused as the test set.
6. Calculate an average performance from the iddaliexperiments.
Therefore, this experiment was carried out usingold cross validation.

The experiment began by loading the data into WEK&xt, the LibSVM classifier was
selected from the lists of available classifiergei, the various parameters for the classifier
(like SVMType: C-SVM, and kernelType: RBF) were siied. Finally, the 10-fold cross-
validation was selected, this is necessary to geasonable idea of accuracy of the generated

model.

The following section discusses the results obthifte the first phase of the experiment

(bigram phrase structures) at different categorgle

i. Experiment for the Four News Categories
The experiment started with four categories: Accid@&£.?),Culture and TourismIVA T
1:6H9°), Economy h.n9“7) and Education-[9°VC-T-). These categories have a total of

1,364 instances (see Table 4.9).
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No. | Category No. of Instances

1 | Accident @&.7) 301

2 | Culture and TourismQUAS | 127
ESHI®)

3 Economy h.n%’ %) 366

4 | Education {F7°vC-T) 570

Table 4.9 Four news Catigowith their Number of Instances

The following Graph 4.1 shows summary statisticexefances which are correctly classified

and which are not.

64

Correcly Classified Instances

Incorretly Classified
Instances

1300

Graph 4.1 Correctly and Incorrectly Classified &mtes for the Four News Categories using Bigram
Phrase Structures

The LibSvm classifier was tested on the datasefoof categories. The experiment was
performed using 10-fold stratified cross-validatias stated above. The overall accuracy of
the LibSVM classifier was found to be 1300 (95.3079%) cadlyextassified instances and 64

(4.6921%) incorrectly classified instances outhef total of 1,364 instances.
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=== Detailed AccurdBy Class ===

TP FP F- ROC

Rate Rate Precision | Recall | Measure | Area Class/ category
1 0 1 1 1 1 ACCIDENT
0.874 0.002 0.982 0.874 0.925 0.936 | CULTURE
0.996 0.078 0.902 0.996 0.947 0.959 | ECONOMY
0.874 0 1 0.874 0.933 0.937 | EDUCATION

Table 4.10 Four Category LibSVM Detailed Aamy by Class

Observation of the detailed accuracy for each cajem table 4.10 reveals that the SVM
classifier performs better for the Accident claskd®wed by the Economy and Education
classes which have large number of instances. Atively less performance result is

observed on the Culture category which has lesdeunf instances.

=== Confusion Matrix ===

ACCIDENT CULTURE ECONOMY EDUCATION Classified as
301 0 0 0 ACCIDENT
111 16 0 CULTURE
2 568 0 ECONOMY
0 46 320 EDUCATION

Table 4.11 Four Categories LibSVM Confusion Matrix

The confusion matrix shown in Table 4.11 confiring ¢etail class statistical values used to
determine the class level accuracy of the classifitence, in Table 4.11, out of 301

instances of the Accident categories all of theen@assified as Accident. No instances are
incorrectly classified to other categories. Howewert of the 127 instances of the Culture
category 111 instances are classed as Culture l@ndstances incorrectly classified as
Economy class. Likewise, 2 instances of the Econocatggories are incorrectly classified as
Culture out of 366 total instances, and 46 instarme wrongly classified as Economy

categories out of a total of 570 Education instance
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ii. Experiment for Eight News Categories
The eight news categories/classes taken for therempnt are shown in Table 4.12 below

with their number of instances.

No. | Categories No. of instances
1 | Accident h£.7) 301

2 Economy h.n%5’ %) 570

3 | Education {*#°vVC-T) 366

4 | Culture and TourismVAG -6 HI°) 127

3 Science and TechnologQ ¢ 704 th5a-%) 41

6 | Politics ¢Z"a-:q) 658

7 | Weather APC 0-2)) 87

8 | Sport @7°C-T) 180

Table 4.12 Eight News Categories with their Numifdnstances

For the eight categories, the LibSVM classifier whoan average accuracy of 1893
(81.2446%) for the dataset of330 instances with 437(18.7554%) classificatiommrvhich

is shown in Graph 4.2 below.

437

Correcly Classified Instances

Incorretly Classified
Instances

1893

84



Graph 4.2 Correctly and Incorrectly Classified émstes for Eight News Categories using Bigram

Phrase Structures

=== Detailed Accuracy by Class ===

TP FP Precision| Recall F- ROC Class
Rate Rate Measure | Area

0.874 0.055| 0.703 0.874 0.779 0.91 | ACCIDENT

0.622 0 0.988 0.627 0.763 0.811 | CULTURE

0.939 0.064| 0.827 0.939 0.879 0.937 | ECONOMY

0.964 0.032 | 0.851 0.964 0.904 0.966 | EDUCATION

0.842 0.072 | 0.821 0.842 0.831 0.885 | POLITICS

0.146 0 0.857 0.146| 0.25 0.573 | SCIENCE

0.561 | 0.013 0.777 0.561 0.652 0.774 | SPORT

0.023 0 1 0.023| 0.045 0.511 | WEATHER

Table 4.13 Eight Category LibSVM Detailed AccurdgyClass

For the eight categories dataset, observationettues of the TP-Rate, the Precision, the
F-measure, and the ROC-Area in Table 4.13 shows lthegSVM classifier has better
accuracy for categories with relatively larger amtes in the dataset Economy and
Education. Categories which have less number damees are dominated by categories
which have large instances. Hence, more instanoesnaorrectly classified from those
categories which have less number of instances i§hobserved from the confusion matrix

(Table 4.14) in Weather, Sport, and Science categ/atasses.

Confirmation of the values used in the class detaeduracy (Table 4.13) is given by the
confusion matrix for the eight categories in Tatkl#4. For example, the True Positive Rate
of the Education class is calculated from the datthe confusion matrix (Table 4.14) as

follows:
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TP =

353

0+0+13+353+0+0+0+0

= 0.964

This means that the TP rate of the Education caye@964) shows better performance

achievement than the TP rate of the Politics cate(ib842).

ACCIDENT | CULTURE ECONOMY | EDUCATION POLITICS | SCIENCE | SPORT | WEATHER | Classes
263 0 0 0 26 0 12 0 ACCIDENT
0 79 48 0 0 0 0 0 CULTURE

0 0 535 35 0 0 0 0 ECONOMY
0 0 13 353 0 0 0 0 EDUCATION
27 0 49 23 554 0 5 0 POLITICS
18 0 0 0 10 6 7 0 SCIENCE
30 0 0 0 49 0 101 |0 SPORT

36 1 2 4 36 1 5 2 WEATHER

Table 4.14 Eight Categories LibSVM Confusioathik

iii. Experiment for Twelve News Categories

The final experiment using bigram phrase structusefor the whole news categories (12

categories). The twelve news categories with thember of instances used for classification

are shown in Table 4.15 below.

No. | News Categories No. of
Instances

1 | Culture and TourismIUAS :6H9°) 127

2 | Economy h.n5“7) 570

3 | Education {#°vC-T) 366

4 Health (n.%) 458

5 | Law and Justice?7% %-1V) 246
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6 | Politics ¢"a-L:h) 658
7 | Social 7V(1¢-P) 934
8 | Sport 07°CT) 180
9 | Accident h£.?) 301
10 | Weather CAPC U-27) 87
11 | Relations, Defense, and  Securit§7
(V79 ovhAN PG RUTYE)
12 | Science and Technology 46705 |41

T 0eE)

Table 4.15 Twelve news categories with their nundfénstances

From the total instances (i.e. 4,005) of the twatesvs categories, the LibSVM classifier

showed an average accuracy of 2884 (72.01%) whid 127.99%) of the instances were

incorrectly classified which is shown in Graph Beow.

H Correcly Classified
Instances

Incorretly Classified
Instances

Graph 4.3 Correctly and Incorrectly Classifiedtances for Twelve Categories Using

Phrase Structures

Bigram
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=== Detailed Accuracy By Class ===

TP FP Precision | Recall | F- ROC Class
Rate Rate Measure | Area
0.595 | 0.027 | 0.642 0.595 0.617 0.784 ACCIDENT
0.748 0.003 0.88 0.748 0.809 | 0.872 CULTURE
0.703 0.004 0.619 0.703 0.658 | 0.849 DEFENCE
1 0.038 0.812 1 0.896 | 0.981 ECONOMY
0.874 0.005 0.941 0.874 0.907 | 0.934 EDUCATION
0.731 0.061 0.606 0.731 0.663 | 0.835 HEALTH
0.297 0.019 0.51 0.297 0.375 | 0.639 LAW
0.67 0.052 0.718 0.67 0.693 | 0.809 POLITICS
0.22 0 0.9 0.22 0.353 0.61 SCIENCE
0.884 0.119 0.693 0.884 0.777 |0.883 SOCIAL
0.044 0.002 0.471 0.044 0.081 0.521 SPORT
0.023 0.001 0.4 0.023 0.043 0.511 WEATHER

Table 4.16 Twelve categories LibSVM Detailed Acoyray Class

Observation of the detail statistics from the valug the TP-Rate, the Precision, the F-
measure, and the ROC-Area reveals that for 12 cagsg(Table 4.16) dataset, the LibSVM
classifier shows best performance for categorieth welatively larger instances in the
(Economy, Education and Social). The classifiextsuracy is least for categories with

relatively small instances in the dataset i.e. WeratSport and Science news categories.
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=== Confusion Matrix ===
The accuracy measures are calculated on the Hakis data in Table 4.17, for the confusion

matrix of the 12 categories.

ACCI CULT DEFE ECON EDUCA | HEAL LA POLI SCIE SOCI | SPORT | WEAT Classified
DENT URE NCE oMY TION TH W TICS NCE AL HER as
179 |0 0 0 0 23 31| 4 0 64 0 0 ACCIDENT
0 95 16 16 0 0 0 0 0 0 0 0 CULTURE
4 6 26 0 0 0 1 0 0 0 0 0 DEFENCE
570 |0 0 0 0 0 0 0 0 ECONOMY
46 320 0 0 0 0 0 0 0 EDUCATION
20 0 335 |7 31 | O 65 0 0 HEALTH
42 0 0 0 0 37 |73 |0 0 94 0 0 LAW
0 6 0 35 14 73 6441 |0 72 | 8 3 POLITICS
10 0 0 0 0 1 2 0 |9 19 0 0 SCIENCE
22 0 0 0 0 43 10 33| 0 826 |0 0 SOCIAL
0 0 0 14 0 34 8 84| 0 32/ 8 0 SPORT
22 1 0 1 6 7 6 20 |1 20 |1 2 WEATHER

Table 4.17 Twelve Category LibSVM Confusion Matrix

In this first part of the experiment using bigrphrase structures, it was observed that those
news categories with relatively large number ofanses have better classification accuracy
than those news categories with small instances. dther point which is observed in this
experiment is that for small number of news categobigram phrase structures performed
well with performance accuracy of (95.4%) correatlgssified instances for the four news

categories. However, the performance of the LibS\Mssifier using bigram phrase
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structures decreased to 81.3% for all 2330 instn€t¢he eight categories, and to 72.01 %
for all twelve news categories with total (4,008mber of instances.
Table 4.18 summarizes the results obtained fromettperiment for different numbers of

news categories for bigram phrase structures.

No. of news| Correctly Incorrectly

Categories | Classified Classified
Instances Instances

4 1300 (95.3%) | 64 (4.7%)

1893 (81.3%)

437 (18.7 %)

12

2884(72.01%)

1121 (27.99%)

Table 4.18 Summary of Correctly and IncorrectlysSiaed Instances at Different Number of News

Categories using Bigram Phrase Structures

In the following section the second part of theakpent using trigram phrase structures will

be discussed.
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4.6.2 Model Building using Trigrams and Testing Classification Accuracy

The second part of the experiment was performeddnyg trigram phrase structures which

constitute of three sequential words. This expenintike the previous one (i.e. bigram phrase
structure) uses the same number of news categamesnstances, i.e. the number of news
categories, news class labels, and total numbenstdnces per news categories that we
implemented for bigram phrase structures experirhave been used here for trigram phrase

structures. The only difference between the twceerpents is in representing features.

Since the procedures are identical to the firstearpent, this experiment also started with
four news categories. These are the Accidénf.?), Culture and Tourism Q@WAS

1:6M9°), Economy h.n9“7) and Education*9°UC-T) news categories. These categories

have a total of 1,364 instances (see Table 4. 9).

i. Experiment with Four News Categories

The following graph (Graph 4.4) shows the summégatistics of those news instances which

are correctly classified and which are not.

B Correcly Classified
Instances

Incorretly Classified
Instances

Graph 4.4 Correctly and Incorrectly Classified &mgtes with Four Categories Using Trigram Phrase

Structures
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The experiment was performed using 10-fold stedificross-validation like the first

experiment (bigram phrase structure). For this ewxpent, the overall accuracy of the

LibSVM classifier was found to be 995 (72.9%) cothe classified instances and 369

(27.1%) incorrectly classified instances out of tikal of 1,364 instances.

=== Detailed Accuracy By Qlas==

TP FP Precision | Recall | F- ROC Class

Rate Rate Measure Area

0.475 | 0.078 0.633 0.475 0.543 0.699 ACCIDENT
0.989 | 0.281 0.717 0.989 0.831 0.854 ECONOMY
0.716 | 0.063 0.806 0.716 0.758 0.826 EDUCATION
0205 |0 1 0.205 0.34 0.602 CULTURE

Table 4.19 Four Category LibSVM Detailed Accyray Class Using Trigram Phrases

Observation of the detailed accuracy for each cajem table 4.19 reveals that the SVM

classifier performs better for those instances tviiave large number of instances. This is

observed from the Economy and Education news caé=sgdlhe classifier performance is

poor for those categories with less number of ms#a of the Culture and the Accident news

categories.

=== Confusion Matrix

ACCIDENT | ECONOMY | EDUCATION |CULTURE |[Classified as
143 123 35 0 ACCIDENT
6 564 0 0 ECONOMY
37 67 262 0 EDUCATION
40 33 28 26 CULTURE

Table 4.20 Four Categories LibSVM Confusion Matrsing Trigram phrases

The confusion matrix shown in Table 4.20 confirims tetailed class statistical values used

to determine the class level accuracy of the diassiHence, in Table 4.20, out of 301

instances of the Accident category, 143 instancesarrectly classified as Accident while
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the rest 123 and 35 instances are incorrectly illedso Economy and Education classes
respectively. No instance is assigned to Cultumnfrthe Accident news class. Those
number of instances correctly classified to thespective classes can be read diagonally

with bold font style.

ii. Experiment for Eight News Categories
The eight news categories/classes taken for thergment are shown in Table 4.12 with their

number of instances.

For the eight news categories, the LibSVM classifieows an average accuracy of 1626
(69.7854 %) from the total dataset gB20 instances with 704 (30.2146 %) classification

errors which is observed in Graph 4.5 below.

B Correcly Classified
Instances

Incorretly Classified
Instances

Graph 4.5 Correctly and Incorrectly Classified dmstes with Eight Categories using Trigram

Phrase Structures
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=== Detailed Accuracy by Class ===

TP FP Precision| Recall F- ROC Classes
Rate Rate Measure | Area

0.449 0.054 0.551 0.449 0.495 0.697ACCIDENT

0.982 0.165 0.659 0.98p 0.789 0.909ECONOMY

0.443 | 0.049 0.625 0.443 0.518 0.69} EDUCATION

0.142 0 0.947 0.142 0.247 0.57]1 CULTURE

0.967 0.112 0.772 0.96Y 0.858 0.92f POLITICS

0.244 0.001 0.833 0.244 0.377 0.62R2SCIENCE

0.511 0.007 0.86 0.511 0.641 0.752 SPORT

0.149 0 0.929 0.149 0.257 0.574 WEATHER

Table 4.21 Eight Category LibSVM detailed accurbgyClass using Trigram Phrases

Confirmation of the values used in the class deteguracy is given by the confusion matrix

for the eight categories in Table 4.24
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=== Confusion Matrix ===

ACCIDENT | CULTURE ECONOMY EDUCATION POLITICS | SCIENCE | SPORT WEATHER Classes
135 117 31 0 16 0 2 0 ACCIDENT
10 560 0 0 0 0 0 0 ECONOMY
36 67 162 0 94 0 6 1 EDUCATION
33 33 20 18 18 2 3 0 CULTURE
0 22 0 0 636 0 0 0 POLITICS

3 14 0 12 10 1 0 SCIENCE
16 23 9 0 40 0 92 0 SPORT
14 25 23 1 8 0 3 13 WEATHER

Table 4.22 Eight Categories LibSVM Confusion Matrsing Trigram Phrases

For the eight categories dataset, observationetues of the TP-Rate, the Precision, the
F-measure, and the ROC-Area in Table 4.22 shows lthegSVM classifier has better
accuracy for categories with relatively larger amstes in the dataset Economy and Politics.
However, for those categories which have less nurob#stances the classifier shows less
performance accuracy. This is observed from thefuston matrix (Table 4.22) in the

Weather, Culture, and Science news categoriesédass

iii. Experiment for Twelve Categories
The final experiment using trigram phrase strugusefor the whole news categories (12
categories). The twelve news categories with thember of instances used for classification

are shown in Table 4.15.

From the total instances (i.e. 4,005) of the twetesvs categories using trigram phrase
structures, the LibSVM classifier showed an avergriracy of 56.4 % (2258) while 43.6 %

(1747) instances incorrectly classified. This iswh in Graph 4.6 below.
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B Correcly Classified
Instances

1747

Incorretly Classified
Instances

Graph 4.6 Correctly and Incorrectly Classified &mstes for Twelve Categories using Trigram Phrase

Structures
=== Detailed Accuracy By Class ===

TP FP Precision | Recall | F- ROC Classified
Rate Rate Measure | Area as
0.05 0.016 | 0.203 0.05 0.08 0.517 ACCIDENT
0.024 0 1 0.024 0.046 | 0.512 CULTURE
0.865 0.001 0.914 0.865 0.889 | 0.932 DEFENCE
0.94 0.154 0.503 0.94 0.656 | 0.893 ECONOMY
0.224 0.014 0.612 0.224 0.328 | 0.605 EDUCATION
0.456 0.016 0.783 0.456 0.577 |0.72 HEALTH
0.423 | 0.024 | 0.533 0.423 0.472 | 0.699 LAW
0.927 | 0.107 | 0.631 0.927 0.751 |0.91 POLITICS
0.024 | O 1 0.024 0.048 0.512 SCIENCE
0.623 | 0.191 | 0.497 0.623 0.553 | 0.716 SOCIAL
0.433 | 0.003 | 0.886 0.433 0.582 | 0.715 SPORT
0.069 0 1 0.069 0.129 0.534 WEATHER

Table 4.23 Twelve Categories LibSVM detailed accyiiay classusingTrigram Phrases

96



Observation of the detailed statistics from theugal of the TP-Rate, the Precision, the F-
measure, and the ROC-Area reveals that for 12 cagsg(Table 4.23) dataset, the LibSVM
classifier shows best performance for categorieth welatively larger instances in the
Economy and Politics news categories. The classifaccuracy is least for categories with

relatively small instances in the dataset i.e. \WeatCulture and Science news categories.

=== Confusion Matrix ===
The accuracy measures are calculated on the Hakis data in Table 4.24, for the confusion

matrix of the 12 categories.

ACCI CULT DEFE | ECON | EDUCA | HEA LAW | POLI SCIE | SOCI | SPOR | WEAT Classified as

DENT |URE |NCE |OMY |TION |LTH TICS |NCE |AL | T HER
15 0 0 92 10 10 | 27| 17 0 12 O O | ccpent
2 3 0 28 7 2 4 10| O 71, O O
0 0 32 0 1 0 0 0 0 4 0 0 DEFENCE
0 0 0 536 |0 0 0 0 0 34| 0 0 ECONOMY

7 Jo o |65 [82 |23 [10 [80 [0 [ 99] 0 | 0 | _icanon
19 [0 [0 |8 [12 |209(32 |26 [0 |76 |1 |0 [

14 0 0 52 0 3 |104 14 0 59 | O 0 AW
0 0 0 22 0 0 0O |610 |O 26 | O 0 POLITICS

0 0 0 1 11 2 0O |8 1 18 | O 0 SCIENCE

13 0 0 137 | 4 16 16| 162 O 582 |4 0 SOCIAL

1 o |1 |28 [0 |0 | 0|3 0 378 [0 o

3 o 2 |21 |7 2 [ 27 0] 3 26 |uearen

Table 4.24 Twelve Category LibSVM Confusion Matuising Trigram phrases
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From the second experiment it can be observedliteathe first experiment the LibSVM

performs well for those news categories which hiavge number of instances. Secondly,
with the increased number of news categories thfoneances of the classifier decreased
using trigram phrase structures like that of thiet fexperiments. This means that for both
phrase structures (bigrams and trigrams) increasiegiumber of news categories will tend
to decrease the classifier accuracy. This occuresmduse while the total number of features
increased the probability of similarity of statrsti values among features across different
news categories will increase. As the similaritystdtistical values increases for different
features which belong to different news categoribg classifier categorizes instances
incorrectly. This phenomenon will contribute foretldecrement of the classifier while

increasing the news categories.

Finally, the performance of the classifier usirigrem phrases is poor for all news categories
tested. For example, for the four news categotiegas observed that only 995 (72.9 %)
correctly classified while 369 (27.1) incorrecthprn the total instances 1364. In the eight
and twelve news categories the performance of ldesifier was extremely poor with the

following results. For the eight news categorie26.§69.7%) correctly and 704 (30.3%)

incorrectly classified instances were observed ftbhentotal instances of 2330. In the twelve
news categories the result of the classifier wasdioto be 2258 (56.4 %) correctly classified
instances and 1747 (43.6 %) incorrectly classiiftesiances from all 4,005 instances. This is

summarized in Table 4.25.
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No. of News| Correctly Incorrectly

Categories | Classified Classified
Instances Instances

4 995 (72.9 %) | 369 (27.1)

8 1626 (69.7%) | 704 (30.3%)

12 2258 66.2%) | 1747 G:3.€ %)

Table 4.25 Summary of Correctly and IncorrectlysSiaed Instances at Different Number of News

Categories using Trigram Phrase Structures

In the next section, the performance of the LibS¥essifier using two phrase structures
(bigram phrases and trigram phrases) is discudsgitbwing that the appropriate phrase
structure will be suggested for the automatic Anthaews text classification using phrase

based feature representations.

4.6.3 Comparison of Bigrams and Trigrams in Amharic News Text Classification

Based on the results of the two experiments doogeatve will compare and contrast bigram

and trigram phrase structures here under.

As we observed in the first experiment (bigram¥afr news categories Accidenh£.?),
Culture and TourismAVA S -1:6H9°), Economy h.n¥“7) and EducationT¢°VC 1) with
total instances of 1,364, the LibSvm classifierectly classified 1300 (95.3079%) instances
and 64 (4.6921%) incorrectly instances using bigpnrases. Whereas this same four news
categories with the same number of instances wassified as 995 (72.9472 %) correctly
classified instances and 369 (27.0528 %) incowyecthssified instances using trigram

phrases.
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When we increase the number of news categoriesgtd pAccident ¢h£.?), Culture and
Tourism QAUAS -1:¢H9°), Economy h.nG“7), Education 4-9°VC-T), Politics ¢ a-:h),
Science 4.£°70), Sport 17°C-1) and Weatherfa?C 00.£)] with 2,330 total number of
instances the performance of LibSVM using bigramapbs was 1893 (81.2446%)correctly
classified and 437 (18.7554 %) incorrectly classifinstances. Whereas with trigram phrases

the performance of LibSVM decreased to 1626 (691785 correctly classified and 704

(30.2146 %) incorrectly classified instances.

Finally, with all twelve news categories of the At ¢£.?), Culture and Tourism
(WA -1:619°), Economy h.hq¢2), Education 4-9°VC-T), Politics ¢ a-1:1h), Science
(A£770), Sport 7"C-T), Weather ¢APC 002), Social (7V(01¢4-P), Law @), Defense
(erhAh #), and Healthf. <) with 4,005 total instances the performance ofLinSVM was
analyzed for both bigrams and trigrams phrasesleA#d84 (72.01%) of the 4005 instances
classified correctly and 1121 (27.99%) incorreaiking bigram phrases, only 2258 (56.4

56%) instances were classified properly and 174876(46) instances wrongly using trigram

phrases.

The following table (Table 4.26) summarizes the ezikpental results for both phrase

structures using different number of news categatiscussed above.
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No. News| Category No. Instances| Total Phrase Correctly Incorrectly
Categories | Name per Category | Instances | Structure | Classified Classified
considered o used Instances Instances
Four Accident 301 1364 | bigram | 1300 (95.3%) | 64 (4.7%)
Culture 127
trigram | 995 (72.9 %) 369 (27.1)
Economy 570
Education | 366
Eight Above four | 1364 2330 | bigram | 1893 (81.3%) | 437 (18.7 %)
Politics 658
Science 41
trigram | 1626 (69.7%) 704 (30.3%)
Sport 180
Weather 87
Twelve | Above 2330 4,005 | bigram | 2884(2.01%) 1121 (27.99%)
eight
trigram | 2258 66.4 %) 1747 (43.6 %)
Social 934
Defense 37
Law 246
Health 458

Table 4.26 Summary of Experimental Results usingrdBh and Trigram Phrase Structures at

Different Category Levels

Table 4.26 summarizes the results of the clasatielifferent number of news categories for
both bigram and trigram phrase structures. Fronrékalt of the experiment, bigram phrase
structures shows better classification accuracyn thdgram phrase structures for the

automatic Amharic news text classification systesmg phrase based approach. Moreover,
for small number of news categories the classpenrformance was better than those with

large number of news categories. Conversely, withd number of news categories for both
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bigram and trigram phrase structures the resuh@tlassifier was relatively poor compared

with small number of news categories.
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CHAPTER FIVE

CONCLUSIONS AND RECOMANDATIONS

5.1 Conclusions

The volume of electronic documents within corpoiaiehives and repositories are increasing
exponentially from time to time in this informati@ye. This huge availability of electronic
documents is causing information overload, a maj@blem which currently faces many
information processing organizations like Ethiopews Agency (ENA). The issue in this

information age is, therefore, how to use the brest this massive available information.

Various researches have been conducted in diffe@mexts to devise methods which can
enable to change threats into opportunities forewise of information to counter act
information overload. Classification is one of thethods that can be employed to organize
information for effective and efficient use. Manuddssification is hardly possible with the
incredible increase in the volume of informatios; aresult, automatic classification using

bag-of-worddeature representation is one selected area edures.

Following that a number of researches have beedumted on automatic processing of news
texts for Amharic language usithgg-of-wordsfeature representation. However, using words
as features could result in losing the intendednimgawhen the concept is created from two
or more sequential words. Thus, in order to mainthis concept, a different approach from
previous works have been proposed and implement#ds research. This approach is using

bag-of-phrases (bigram and trigram phrase strugfure
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Preprocessing, feature representation, and testwege the major steps for the
accomplishment of this study. Preprocessing tha #atvorked out before the datasets are

fed into the classifier.

For feature preparation, because of the problemghef Amharic writing system and
unavailability of Amharic document processing totle focus of the research was on
developing tools which facilitates efficient autdmalassification of Amharic documents.
To this end, much attention was given on the pingsf the source data by developing the
following tools:

* Amharic character (Fidel) controller

» stemmer that remove prefixes and suffixes

» stop word and number remover
Using such preprocessing methods, significant meolu®f features (which enabled 10 to
20% feature reduction) is achieved. The final fezguare selected by applying dimension
reduction technique called Document Frequency (Dffgsholding. The importance of

features is determined using TFIDF weighting scheme

In feature representations, two forms of phrasectires have been developed and tested.
These are bigram and trigram features. After featare represented by bigram and trigram
features and their weights are identified usingTRéDF schemes, phrase matrix have been
generated and saved as CSV file format. The C2¢ filave been imported to the LibSVM

classifier using the GUI of WEKA application packag

Finally, the experimental testing was performechgdigram and trigram phrase structures

for four, eight and twelve news categories.
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This study tried to see the potential applicatiorS¥M for the automatic classification of

Amharic news texts using phrase based approacherdhis umbrella, effectiveness of news
text classifier at increasing level of news categprusing bigram and trigram phrase
structures has been investigated. From this workutomatic classification of Amharic news
texts using phrases, we can conclude the followoigts:

» The best accuracy using bigram phrase structuiebden obtained at four categories,
which is 95.3%. The overall accuracy using bigramapes structures for the eight
categories has been recorded as 81.3% and fovedile categories it has been scored
to 72.01%. On the other hand, for trigram phrasecstires, the best accuracy
recorded at four categories is 72®and for eight categories it has been recorded as
69.7% and the least accuracy has been obtainedebtet categories that accounts to
56.4%.

e Using bigram phrase structures the LibSVM classifias best classification
performance at larger number of instances

* Misclassified news items are mostly from those neatgegories which have less
number of instances

* In the course of training using LibSVM classifiéris found that computational time
increases as the number features and news categuarnease.

» LibSVM has significantly better accuracy for feasirepresented by bigram phrases
than features represented by trigram phrases

* LibSVM classifier showed better accuracy for categpwith relatively large number

of instances for both bigram and trigram phrasectires
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5.2 Recommendations

The results of this research showed that phrasedb&esature representations particularly

using bigram phrase structures can be implememteavoid semantic relations that exist

between words. However, more research needs torimkicted to exploit the full potential of

automatic news classification system.

The following are some of the areas identifiethiis research for future work.

Highly customized tool for correcting characterd@) variations was developed in
this research. Full-fledged Amharic spelling checkehich addresses the various
causes of character variations need to be developed

In this research a number of tools have been dpedldo reduce word variants to
their root form. These separate and incompletertsffshould be replaced by the
availability of a complete Amharic stemmer.

Even though phrases have high discriminating poweridentifying one news
categories from others, they are negatively aftedbg having less number of
frequencies for less number of documents. As altrebeir statistical values which
are fundamental properties for the classifier witimately be affected. Therefore,
combining bag-of-words and bigram-phrases shouldested by other researchers
instead of words alone to get the best result fmhAric news text classification.

The performance of the classifier at increasing lbemof news categories did not
improve using phrase based approach. At incredsingls of news categories the
classifier shows decreasing results as it was tegpdry other researchers using bag-
of-words feature representation. Therefore, usiifierént approaches to feature

representation likentologycould be tested by future researchers.

106



10.

11.

REFERENCE

Androutsopoulos, 1., et al. Learning to filter spaamail: a comparison of a Naive
Bayesian and a memory-based approach, 2000

Atelach Alemu and Lars Askemictionary based Amharic-French Information
Retrieval Department of Computer and System Science, Sthckbniversity, 2005
Atelach Alemu and Lars AskerApplying Machine Learning to Amharic Text

Classification 2006

Baeza-Yates, R. and Ribeiro-NetModern Information RetrievaAddison- Wesley:
New York, 1999

Benbrahim, and M. A. Barmer:Neighborhood Exploitation in Hypertext
Categorization In Research and Development in Intelligent Syste¢XI, Springer-
Verlag, 2005

Bender, et.al. The Ethiopian Writing System. languages in EthiopiaLondon:
Oxford University Press, 1976.

Blumberg and AtreAutomatic classification: Moving to the Main Stre&2603

Boley et al.: Supporting Document-Category Management. An OnteBased
Document Clustering Approacth999

Calvo, R.; Lee, J.; and Li, X.Managing Content with Automatic Document
Classification Journal of Digital Information2004.

Caropreso, S.Matwin, F.Sebastiani, A learner-inddpat evaluation of the
usefulness of statistical phrases in automateddategorization, Text database and
Document Management: Theory and Practice, 2001.

Cheng, and Wu. ACSAn Automatic Classification Systedournal of the American

Society for Information Scienc21(4):289-299, 1995.

107



12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Crawford :Phrases and Feature Selection in E-Mail Classifmat2006

Duda R. and Hart Pattern Classification and Scene Analy3giley, New York,

1973

ENA. Problems of the Existing News Classification Sysdaech Suggested Solutions
Unpublished, July 2006.

Enser, P. G. BAutomatic Classification of Book Material Represehby Back-of the
Book IndexJournal of Documentatior#1(3):135-155, 1985

Furnkranz:A Study Using n-gram features for Text Categorwafl echnical Report
OEFAI-TR-98-30, Austrian Research Institute for ifietal Intelligence, Vienna,
Austrial, 1998.

Getachew HaileThe Problems of the Amharic Writing Systémpublished, 1966.

Giorgino, T.An Introduction to Text Classificatip@004.

Haddis Alemayehu&:¢C anh oo P-NC, 1958

J. Han and M. Kamber. Data Mining: Concepts anthriepies(2nd ed.). Morgan
Kaufmann Publishers, 2006.

J. L. FaganExperiments in automatic phrase indexing for doaunretrievat a
comparison of syntactic and non-syntactic methdeisD thesis, Department of
Computer Science, Cornell University, Ithaca, US37

J.P.Lewis Tutorial on SVMCGIT Lab, USC, 2004.

Joachim, ThorsterA Probabilistic Analysis of the Rocchio Algorithm lwikFIDF for
Text Categorizationin Proceedings of the 14th International ConferenneMachine
Learning ICML97 pp. 143-151, 1996.

Klein, B. Text Categorization or Classificatip@004

108



25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Kwok, J. L. The Use of Title and Cited Titles as Document Rspr&tion for
Automatic Classificationnformation Processing and Manageme2i201-206, 1975.
Leslau, Wolf: An Amharic Text Book of Everyday Usagmiversity of California,

Los Angles, 1965.

Lewis. An evaluation of phrasal and clustered represeotsti on a text
categorization taskin N. J. Belkin, P. Ingwersen, and A. M. Pejterseditors,
Proceedings of SIGIR-92, 15th ACM International @wence on Research and
Development in Information Retrieval, pages 37-4&0benhavn, DK,. ACM Press,
New York, US., 1992

Liao, C.; Alpha, S. and Dixon, P.: Feature Prepamnain Text Categorization, 2003
Losee, R. M. and Hass, S. W. Sublanguage TermstioD&ries, Usage, and
Automatic ClassificationJournal of the American Society for Information €dcie.
46(7):519- 529, 1995.

Luhn, H.The automatic creation of literature abstracl8M Journal of Research and
Development, PP159-165, 1958.

M. F. Caropreso, S. Matwin, F. Sebastig®iatistical Phrases in Automated Text
Categorization 2001

Mladenic, D. and Grobelnik, MWord sequences as features in text learniimg
Proceedings of the 17th Electrotechnical and Comip&cience Conference (ERK-
98) (pp. 145- 148), Ljubljana, Slovenia, 1998

Nega Alemayehu and Peter Willett. Stemming of Anth&ords for Information
Retrieval. Literary Linguistic Computing Vol. 170\, 2002.

Nello C.and J. Shawe-Tayloan Introduction to Support Vector Machines and ©the

Kernel-based Learning MethgdSambridge University Press, 2000.

109



35.

36.

37.

38.

39.

40.

41.

42.

43.

P.N. Tan, M. Steinbach, and V. Kumdntroduction To Data Mining Pearson
Education, Inc, 2006

S. T. Dumais, J. Platt, D. Heckerman, and M. Sahaductive learning algorithms
and representations for text categorizatiém G. Gardarin, J. C. French, N. Pissinou,
K. Makki, and L. Bouganim, editors, Proceedings GfKM-98, 7th ACM
International Conference on Information and Knowedvianagement, pages 148—
155, Bethesda, US,. ACM Press, New York, US, 1998

Salton, Gerard. 198®utomatic Text Processing: The Transformation, gpsial and
Retrieval of Information by ComputerReading: Addison-Wesley Publishing
Company.

Schapire, R, Singer, Y., and Singhal, Boosting and Rocchio Applied to Text
Filtering. In Croft et. al (Ed.), Proceedings of SIGIR-98, 21st ACM International
Conference on Research and Development in InfoomeRetrieval(pp. 215-223).
New York: ACM Press, 1998

Scott, Matwin, Feature engineering for text clasatfon, Proceedings of ICML-99,
16th International Conference on Machine Learnirg99.

Sebastiani, F. Classification of Text, AutomatitieTEncyclopedia of Language and
Linguistics (Vol. 14, pp. 457-462). Elsevier ScierRublishers: Amsterdam, 2006.
Sebastiani, F. Text categorization. In Zanasi, Ad){ Text Mining and its
Applications. WIT Press: Southampton, pp. 109-22@5.

Sebastiani, FabrizoMachine Learning in Automated text classificatidn ACM
Computing Surveys. Vol.34NO.1, ppl-47, 2002.

Skarmeta, A.; Bensaid, A. and” Tazi, Nata Mining for Text Categorization with
Semi-Supervised Agglomerative: Hierarchical Clusigr International Journal of

Intelligent systems, 15, pp.633-646, 2000.

110



44,

45.

46.

47.

48.

49.

50.

51.

Surafel TekluAutomatic Categorization Of Amharic News Text: AcMae Learning
Approach,Master Thesis, Addis Ababa University, 2003

Vapnik. The Nature of Statistical Learning Theo8pringer, Berlin, 1995.

Wang, Y, Zang, H., Spencer, B. and Yan, A Text Categorization Approach for
Match-Making in Online Business Tenderinkpurnal of business and technology,
2005.

Worku Kelemework: Automatic Amharic Text News ClassificatioA Neural
Networks ApproachMaster Thesis, Addis Ababa University, 2009

Y. Yang. An Evaluation of Statistical Approaches to Text égatization. The

Netherlands: Kluwer Academic Publishers, 1999.

Yohannes Afework. Automatic Amharic Text Categorizatiomhesis. Addis Ababa
University: Addis Ababa, 2007

Zelalem SintayehuAutomatic classification of Amharic news itenihe case of
Ethiopian News Agency., Master Thesis, 2001

Zhixu Li, Pei Li, Wei, Hongyan Liu, Jun He, Tao Lamnd Xiaoyong Du AutoPC3
Phrase-Based Text Categorization System for Simigats Springer LNCS 5446, pp.

369-380, 2009

111



112



Appendix 1: Amharic Characters (‘Fidel’) (Zelalem, 2001)

Order Labialized

| i | 2 nd | 3 rd | 4th | Sth | ﬁth | 7 th
v hatehu Y hi Y ha 2he v h W ho
A lialu AL Ala Ale Al A lo 4, 1"a
th ha dhehu hohi hha ¢hhe chh & ho
@ mi o mu “Ymi “7ma “Ame °m 9° mo Tm"a
wogi o peogy M osi Ylsa MLse s Y oso
Lrti 1 ¢ rldra e Cr ¢ 10 Zra
1 s Msu M si 9sa bse Os M so a4 s"a
M 8% Ms 98 Wi TS 0l 45 a
¢ qikqu tq Pqa kg Pqg b q|bi g Bga 2| g% +q'c
N bi(kbu Mbi Aba Mbe - b bo (. b"a
T ikt bt Jta bte ot o o N
bE e Beu B 4 ca Bee T ¢ Feo E "a
1 hi“rhu "Lhi *ha "the “4 h <ho [“=h" -1 h" Ah%a & h% -=h%
Y nitnu Zni Sna Zne 7 n Tno &n"a
Tond kv Lo §na Lne ¥ o1 o & n"a
h a /e u 1"'1., i }1 d h e }1 ¢ ho
M wi @wy Pwi Pwa Ewe @ w Pwo
0 a 0cu %i 9%a %e 0 ¢ Po
hki ko hki hka hke # k hko [hek™a k' fk'a nk¥e mk"é
Mhi “khu  hi ™Mha he M h "fiho
H7i k70 H.7i M7za HM7e 0 7 H70 07" a
Wzi Mzu MWz Mza Wze Wz Mo
Pyi fyu Ryt fPya feye Ly fyo
Tgi kou Lgi Dga Lge Pg qgo |bgi Tl g'a  pg'e Mg C
Ldi Sdu S di 4da Lde &d Ado 4.d"
ai ®Bou 85 ¥aa Rge Pz Ego
mti mdu ot e e Pt Mo M t"a
6hLCH  GBECU BRG Ma elwle R ¢ (o b ¢
Asi Asu Al 4sa Ase &g Aso0 %5"a
Osi su st fTsa Lse ods Fso
Api Hpu Api &pa Ape Kp Lpo
bfi 4fu &fi 4fa dafe ®f &fo G f"a
Tpi EFpu LCpi Jpa Lpe Tp Z po
Mvi (kvu M,vi Gva fLve «Av 0 vo
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Appendix 2: Amharic Punctuation Marks Unicode

N Punctuation mark Symbol | Purpose

0.

1 The four dots or Full stop Mark end of a sentence

2 Colon + Separate words in a sentence: which
not common

3 | word space Separate words in a sentence:
however, the
current practice is being white space

4 Question mark ? Placed at the end of questions

5 Exclamation mark ! Used at the end of sentences that
show exclamation

6 Comma H Used to separate word lists

7 | Semi-colon : Used like semi-column

8 Preface Colon - Used

9 Quotation marks “r Used at the beginning and at the
end of quoted word, phrase, etc.

10 | Parenthesis () To enclose elaboration

11 | Stroke / Separate date, month, etc.

Appendix 3: Amharic Numbers (Zelalem, 2001)
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e IS T Aewl 10w
W oo
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Appendix 4: List of Stop words

1 7T,
2 NeHIm-

LT T
Lo S

50
60

M 0 38 38

80)
Q0
100
(000
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O 00 N O B b W

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

81
82
83
84
85

UPA

10-
nre
Nh7L:
ANJ ot
Dé
a.Nr
VAt
AN

Hé
R7210AT
APAM
L.01C
ALNYLL
ao (P
UPAa
HhPa

£a
R72100--T
n0nc

1A m-
100
10 A
T1Am
100
UPAa
TI10NA
T0A
av-f
FVadil s
ANn
onn

L4

gt

¢

AN ot
AN Q-
P

Als
PoLA
eorA.
PoLaA.
197

41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79

avini\
N7 e
A0
w(-|
N1578,
av'® av/, @
H-
LUA
i
57T
anq
H¢ e
hOfs
hVife
An
4.1
OhCAC
LCEAT
ANC
h*C
onc
or~C
Al
LANENCY 7
LANLNCUT
LANLNCNT
W79°7A
0%
AL
Ny
7~
POV
eUr
-HaA.
2
N5 P
waGP
hQ.
NA

80 A\
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86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120

161
162
163
164

hnAq
Az
A L
1

e

N2
0
178.C
0Ad.
Ohé.m-
cn

(P
oAl
LOALANIA
H (T o-
ANN77
AN-7'r
NHch7
P

110

aa,
ANz
onhy-7
%
ANAa
owA
hwAQ
hPA
nPret
a7’}
LA
Ap-L
O£
oL
hh &

0740
240
HANNC
15

121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160

ne
NG
AC
oA
10
nes

na,

NF
on-T-
A0
LmOPUTPA
ANAN()-
hPlw(r
ACla0-
ao P’y
av) ¢:
AP
AG P
TAE
1770~
TANP
TAP
1770
1P9°-r
19k
07k
Mz
)
&eD
nh-A
L0
Afiovy,
Né

77 L.6h -
ht
1.0EC
mdag
nc
LS
A745.0-
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165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200

241
242
243

AT50
Jod
Jo-PPA
LPrai
PPie
(UTAS
hn2s.
14-

2P
2914
ncr
h%L
ThYL
Thh L
ado (N«
HnCagerer
Ahan,

L TP &
nAa 7
h4-

201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240

hd.C

1%,
LIh(C
Lo
L£.200-C
Nh-ATo-
OPre
ATG
a7
hyeAF
L0
anq,
A72010,
072010,
AT AN
07L& A0,
°far8a.
Jao-Fn
(| )
av\\fl
o7
hPa
2970,
CrLP7
IS ALgE
PoLLeVAN
7090
hCTIpP
P40
04V
Ui\-i:
PAULY
ALY
"nNéo-
704

av 1Y ¢
oo h(¢-
N2, 4T
[i1]aN " g
L0
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244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280

zn
hCc
TN
Lnénc
hO9° e
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L£70.°
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é
LALTICHN
h?

n7

nlA
naA
hU7
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n*y.eea-t
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havl
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Yov-0
voo-)
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oAN
a$mM

e
L7
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285
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295
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306
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w7
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a ey
o-Fa
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e
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3 0018
T
ST
T0A
T0A.
La0AA
L0AA.
TP LN
LPCOAA
LAl
w7
N2+
w7
21
14.47,
A0 TP
nod
ao '’y
027
TPadan
Ty
TPwPw
h04.A7,
ARTE
AU
ARLTS 7Y

AR LTS TS o

(10v-A.
TL41

ao )l Aq

a4 P

361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400

AP TLR4N
LLLIN
Tav (-
Tavp .
LanqA.
gl

10
L10A
£11A.
Am

1P av/,
LB avli\
ACaoo(;
LA
oL
Lana).
aod)
0420
nmM

s
J°0LA
PAnhs
rUe
0o
Nh4577
(APA
APt
haC
ao(\N9°
pPont
oo @-
JchAan
Jvan
NA-MMG o-
AT
o-aa-r
1970

an’® and, -
ao’B.av P T
av P avy @ P

120



403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440

481
482

o), 40 P
T
TG4
L1914~
T et
LwfOeN
LwofeA.
LmNFPA
ATLTT
AT
0.
L10A
TAm
TOm-

P avg.
Fov/l,

TP av/,
aar
TAOm-
LAMA
LAamaA.
APAm-
ad-ra.
af-HnJra.
F\ e XA
am

1T

nrr

nage
(BAEE
+10
APPin

AP Py
aond)

P

10

mf ¢
TmeP

LLl0
0TG5 AT

441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480

A.me P
A.ms PP
Tmq PP
LmrP PN
oo FF

A o T
LavFFN
Ta)A

gt

L PN
AN
avPmin
Tmsne
aAv7
T004-P
A ot [ PAYAN
ao- G
LmNPVUFPA
LFAn
ATR9LFN
AAL AT
JAeNT
@M,
av 3¢
JATA T
e

Vdé
(P

A0 e

1. 761,

%,
07178,
A PmA.
TG o7
LNTOTA
A7L770T 07
AP Ths oY
A NS o'
ao P17
API°4

121



483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520

WL I NTTAL

10 A

N4-

AP0
an P a)-i:
0

nnr-r
TFa
115
LIATFA-
AT
agom’z

Uz
U2
Thé. T
Thé.
TooCPar
‘tavd P
hnavl.d
hnaovl.P
LhaoCIPA
gavl PA.
A
Lré-an
A0x

UAND
L1090
T4
TA-14.
LAT4.A.
TS 4P
A7277414-
TS 4P
Jod
Loda.
AIR7) PP
A1 3P
Lnd.n

521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560

NPT
1P
LHIEA
AhllDE.
TH,D 8.
LHIBA-
A1L7IN D8
AR LN IZ
A1 od
PAm-F A
Lo FPA.
edoPa
necn
n+cn-
hAdéN Po-
Nad L0 T -
0Ly
LC ol

1 £.4-8.
1L.4- BT -
an .00 3T o-
Tmd o]
L.(LA,

AllLh

0%

L0

Al PAY N

A PAT 4
na°27
nLa-N

(VAL iPAU
ngené-+¢
VC

71Cc

VICT
0167k
n71étk:
nv-a-t
Tanan
LA0A0A

122



561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600

641
642

LIATA
17
av’ 'y -l
hooAl)f
W78
On7e:

277 Lm0
emilFPA
T\
nePme

K-
A7L7.mP
iV 3 T()

hd M-

T Lavf an
(n,v-

(1H.V

ALY T
hhg e
ATRTNLFA
AT

o LHE
Tav(\ A
Laov(\ A\
né.aht?
héh

Lav(\ I\
A.oo(\lT
74-0
A0 T w7
RIL7
L PN
avO\m-T
hAOe
N4

Prq

A chés
TeHS T
QC"7

oA LGN

A0
72104

601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640

PG,

nw
TPNam-
TP(lA.
LHTIN
A187.BYP°
015 -

Y A
A
AT
RTLULTL
ATROLTY
nngod
LLLIAN
LLL.IA0
K187 L6
IC

Phm-

e
AN 0
T

I PA
AdbL:

At ST o
ae
LNE.ANDIAN
TNGT O 7PA
av’ri
I8 C

Ams e
AT T PP
LP74M
ALL7
cAcA

av/ (/A
Tavp i
haop
Ak
av(1§77
h2.0

123



643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680

721
722
723

“21.0kC
ao(\( P
PrPE

(K XA
A7L°710
hoL<$d
hoLE
ALd

0LP
hALP
hALE
LYCNOTN
ATL.TCN T

AT COVTm-

av’ )\ A-

an’ )\ B-
Aav) i1
ATL.0¢-
AN
Ll
APOLT
10 LT
A5 07
ANGT o7
an PPl
ATLULTA
hao(Ce,
A@-mT
Ao
aa
Té.lav
t+d.l-d.ov-
£4.6471A.
ATR71E.LI°
£6.LTIN
é.4.0v-
£4.CM7A.
TA0()77

AP0+
nen-t
NeN1§

681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720

1é.édoov
4.Lov'T
aan-r
A7 COT
LTCUTPA
A0,
ALavlm-
a-teovl -
0 N T
AMG PP
LPLPA
PCAI N
N7L:4.
N7 Lo-
0“7 %751
N

v

N PAN
LPaaA
TPAA
L0PA
g
U237
Lé.mé-A
A72774.mC
TAA(7
LmNPA.
Y04
AL 00
A7V,
LAVFPA
AL avl-
oy P P
N7 g
wO\-F

o 21§
nRY
vt
oG

he TS

124



724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760

Hn" s
Ohé.m-
L0 E4-
1PLPT
A
T o
Lenmi
Ahao N
TG
hLlk
®rC
AaoFif:
THLN-
THCVITPA
am

1001

10 CH-
50T
anf\N
ncac

S HENE
LOTAM
LLCAA
NA
a¢2.0m-
s o'r
LhS oS To-
ne
L0
neavd
Ve
V14T
neaYIc
Thdot
At
LAOCAN
A7277.0¢-

801 “7UAN
802 h9°A,

761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800

HnaoF
ATMONVFPA
Polm-A-
pog.aoC
CrL7
At P oL
TmPy,

Tm PP
ALNDP
ALTNDP.
el

T nC

AT LNGFA
hhg-d.0
10+

€T
aoCHC
PN

APCA
Al
¢ad¢n0

AN
ALIC
hll ) B

av i PAPN
avl] D017
ap Iy
a7

(S XA
ALLC
A“LoN Y-
70N

+CP
o0
AP T 7PAPO
AT

na.0n7

A170
ArPada
70,

125



803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840

U9°A,

(1}

2701
“7.91.¢
TrC

04

LaFra.
HI%-
a°2.0A v
2NN P
Lo C
a.0L:C-
Lmsd I
Lao g\
(g s LT\
LR
1B P ov-
A7%

F\%

hTé

PP avld,
C10ém,
-1,
1o
AL o
naAa
TPavm
nndoom-
hfhm,
TmGTLA
Al TGP
Lhm,

AP T4m?Y
LmsdPA.
aniy e
avd.m’7
Hc
a“7ms P

841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880

AP

VX XA

Té

hddN-
LoAhP
170 w-
A e

o6k,

TaA

THI BT PA
aAm'r

LCa
LPNan

R il
A7
A POA
AavP.an(, ¢
15/l
L0,
Hh5% 2.0
T0ao NN,y
*.01C
PLPT
oM I T o7
LN4.A DA
A.Am-
m.Poy
Al (-
A782.77 Qoo
T206-P
LLLIN
10,271
TLH A
ALAAA
ATROLTY
a9

PSA

ao’ (-7
anan
TN B A

126



881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

av’} R4
JPL A
FPL
PIPA
PG Tw,’7
U F0 N
Ay,
LhTo-5A
AU
avpliin

h e
Andan
¢4 8T
v
AV7
AV
ATUP7
Fao 0
Havy
A9°'r’7

na

10077
£LL T
ToLn
hho-
LHA

‘TN

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

0740 ohs:
Hh4%.0 A0
7L 7%,
né.a 7
neavc
nea e
1.2 &
A2 21
RARNTT
am-T
e
ATLLeRCD
o L0C
hONTNm7
0
0Tmshl
av i\ [

9.9°

m/ 8

o/

10NC
17.0.87
10.A07
1.y

104

127



908

909

910

911

912

913

914

915

916

917

918

919

920

961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976

av C17
av (]
Tan (]
+77

awca L.

NehC A C

LA ANCT T

L& ANCV7

LA ANCHT

7INT L
ANn Té.e
ANl Té4.6
LA

201
259
3¢
377007
30.A77
nh3nw
340
342
4970977
hanw
5¢°
5047
hsnw
504°
64

hen.v

981
982
983
984

948
949
950
951
952
953
954
955
956
957
958
959

960

981
982
983
984

977
978
979
980

hsa.v
94

9MC
hon.v

100
h10i.v
100%°
011000
115
h11nw
165

2%
277.0.97
20,87
n2a.v
200

241

hsa.v

9MNC
hon.v

h7a.v
84
8MC

128



ADDIS ABABA UNIVERSITY
SCHOOL OF GRADUATE STUDIES
FACULTY OF INFORMATICS
DEPARTMENT OF INFORMATION SCIENCE

PHRASE BASED AMHARIC NEWS TEXT CLASSIFICATION

BY

ZELEKE ABEBAW

APPROVED BY
EXAMINING BOARD:

LEMMA LESSA (M.Sc.),
CHAIRPERSON

WONDWOSSON MULUGETA (M.Sc.), ADVISOR
ERMIAS ABEBE (M.Sc.), EXAMINER

129



DECLARATION

THIS THESIS IS MY ORGINAL WORK AND HAS NOT BEEN

SUBMITTED FOR DEGREE IN ANY OTHER UNIVERSITY AND ALL

SOURCES OF MATERIALS USED FOR THE THESIS HAVE BEEN DULY
ACKNOWLEDGED.

ZELEKE ABEBAW KASSA

THE THESIS HAS BEEN SUBMITTED FOR EXAMINATION WITH
MY APPROVAL AS UNIVERSITY ADVISOR

WONDWOSSON MULUGETA (M.Sc.)

130



