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ABSTRACT

Text classification is one of the methods usedrgmoize massively available textual information
in a meaningful context to maximize utilization ioformation. Automatic text classification is
the preferred method for accomplishing classifaatin large volumes of information. Research
works on automatic classification is flourishing tine context of other languages; whereas,
research on automatic Amharic text classificatiomni its infancy stage and very few attempts
have been made till now. This study puts forwasdoivn contribution for automatic Amharic

text classification.

Before the classifier is constructed, preproceshagybeen done on the data to make it ready for
the learning algorithm including changing varioumiaric characters with the same sound to
one common form; stemming word variants; and remg\dtop words, punctuation marks and

numbers. And Document Frequency (DF) thresholgdied to select features of news items.

Two weighting schemes, Term Frequency (TF) and TEéreguency by Inverse Document
Frequency (TF*IDF), are used so as to weight tla¢ufes in news documents to construct news
by features matrix, which is fed to the learningagithm. This study considers one of the neural
networks learning methods called Learning Vectoai@ization (LVQ), to see its suitability for
automatic Amharic text news classification. In t@urse of this study, it is found that TF
weighting scheme outperforms TF*IDF weighting scleebny 3.54% on average. Using the TF
weight method, 94.81%, 61.61% and 70.08% accuraaiesobtained at three, six and nine
categories experiments respectively with an avecdd®.5% accuracy. For similar experiments,
the application of TF*IDF weight method resultedd8.63%, 78.22% and 68.03% accuracies
with an average of 71.96% accuracy.

Previous research works on Amharic text classificatshow that, accuracy decreases
consistently with the increase in categories. st of this study shows that accuracy does not
depend on the number of news items and categooasidered; rather, representing each
category with enough number of subclasses detesmameuracy. Therefore, further works
focusing on finding the optimum number of subclasisethe major direction of research with

regard to Amharic text news classification usingQ.V

Xii



CHAPTER ONE

INRODUCTION

1.1 Background

During the last twenty four years, the number otwuents in the digital form has grown

enormously in size with the introduction of Interrses a medium of information transfer and
sharing. As a result, it is really advantageoufdoable to automatically organize and classify
documents (Novovicova, 2005). As Klein (2004) notéde dramatic increase in textual

information forced us to use automated classificatsystem for the management of textual
information. Automatic text classification is atttiwe because it frees organizations from the
need of manually organizing documents, which carallg be too expensive, error prone or may

not totally be feasible within the given time (Sstani, 2005).

Supervised learning and unsupervised learning laetwo common methods for classifying
textual information. We may be given a set of doenta with the aim of establishing the
existence of classes or clusters in the documentw® may know for certain that there are
classes and the aim is to establish a rule whergebgan classify a new document into one of the
existing classes. The former type is called unsuged learning and the later is supervised
learning (Giorgino, 2004; Michie, Spiegelhalter aralylor, 1994; Skarmeta, Bensaid and Tazi,

2000).

Text categorization is now a fairly mature techiggidhat has delivered working solutions in a

number of application contexts. But, a number ofllemges remain (Sebastiani, 2006).



According to Sebastiani (2006), delivering highwecy in all application contexts is one of the
challenges for text classification. Effective cifisss have been produced for application
domains such as the thematic classification ofgasibnally authored texts such as newswires.
But accuracies are poor in some application domidiesclassification of web pages, where the
use of text is more versatile; spam filtering, spars adapt their spamming strategies to the
latest spam filtering technologies; and authorsttipbution. Another challenge is the labeling of
categories according to Sebastiani (2006); thanhanually classifying documents for use in the
training phase is costly. Because text classificatneeds large amount of preclassified

documents to build classifier for new unlabeleduinents.

According to Sebastiani (2002), for accomplishiegt tclassification task, there are a number of
learning techniques. The common ones include Pildtah methods, Regression methods,
Decision Tree and Decision Rule learners, Neuralwliks, Batch and Incremental learners of
linear classifiers, Example-based methods, Supp@dtor Machines, Genetic Algorithms,

Hidden Markov models and Classifier committees. sThiudy considers neural networks

algorithm called Learning Vector Quantization.

According to Demuth and Beal2004), neural networks can be trained to solvélpras which
are difficult for conventional computers or humagings. Neural networks can be trained to
perform complex functions in various fields of apgtion including, pattern recognition, writer

identification, text classification, speech recdigm, computer vision and control systems.



Neural networks can be used for text classificatasks among others. Algorithms include Back
Propagation Network (BPN), Self Organizing Map (SPNlearning Vector Quantization
(LVQ), etc (Martin-Valdivia, Urefia-Lopez and Gardiaga, 2007). The authors added that the
most widely used algorithm is Back Propagation Mekv(BPN) and a number of text
classification tasks are carried out using Selfa@rging Map. They said that research results
show that LVQ is better than SOM. This idea is atsqpressed by Haykin (1999). In fact,
Michie, Spiegelhalter and Taylor (1994) and Andar$®006) indicated that LVQ is the most
efficient classification algorithm. Heuristic sinngty in LVQ algorithm can be adapted to text
classification tasks though the algorithm is nopleited for such task as noted by Martin-

Valdivia, Urefia-Lopez and Garcia-Vega (2007).

1.2 Statement of the Problem and Its Justification

The automated classification (categorization*)efts has been flourishing in the last decade or
so due to incredible increase in electronic documen the Internet; this renewed the need for
automated text classification (Klein, 2004). Exteasstudy is done for English language (Maly

and et. al., 2007). But booming interest is showaneif extensive study is made (Sebastiani,

2005).

Ambharic is technologically under resourced langugg@omon and Menzel, 2007); therefore, a
lot has to be done. Only three researches have tresh on the area till now as to the
researcher's knowledge. Effort has to be exertedcdme up with the best classification

performance.

* Text categorization and text classification asedi to refer the same concept.



Ambharic is the native language of people livingtire north central part of Ethiopia. The
language is also spoken as a second language w paais of the country. Significant number of
immigrants in the Middle East, Asia, Western Eurapel North America also speak Amharic
(Encyclopedia Britannica, 1992). Amharic languags fis own writing system that uses Ge’ez
alphabet. Recently, there are so many Amharic releict documents such as web pages, word
documents, articles, etc. So, it is helpful to ugderesearch on this important language to

contribute in the process of enriching the languaile technology.

News articles are among the most popular and rdgwdacessed content on the web. There is a
need to have automatic document classification gnodimers for managing large number of news
articles (Calvo, Lee and Li, 2004). Most researdmescarried out on Reuter’s dataset (Maly and

et. al, 2007) for the categorization of news aggadhto sport, politics, economics, social, etc.

There are also so many news articles which are usexst and stored in Amharic. More
specifically, Ethiopian News Agency (ENA) producasd stores so many news articles. They
have web site that releases news in Amharic andidgbngNow, the agency uses ENASoft
software for the management of news. But the dlagatiobn task is done manually. Currently,
there are 116 categories available in ENA. Amormgéh 13 are major categories and 103 are sub

categories. Using manual classification is chalilegdor these large number of classes*.

Timeliness property of news can be maintained xyguautomated classification and the burden
of human experts can be avoided (Zelalem, 2001af8lu2003). Surafel added that it would be
possible to store old news for further retrievaéskles, Zelalem said, time is wasted in the

process of training reporters for news articlesssifecation purpose. In accordance with

* Category and class are used to refer the sameeptn



Blumberg and Atre (2003), manual classification eahieve a high degree of accuracy though
domain experts occasionally disagree on how togoaize a document, which is not the case in

automatic classification. And manual classificatistabor intensive than automated technique.

Hence, more effort is required by researchers aweldpers in the area of text classification to
favor technologically under resourced language-Amch&esearch has to show which technique,
tool, etc is best for Amharic text classificatidhwas with this view that Zelalem (2001), Surafel
(2003) and Yohannes (2007) had done their reseasifg, Statistical method, K-Nearest
Neighbor (KNN) and Naive Bayes, and Support Veditachine (SVM) and decision tree

respectively. Previous research works on Amhamnt ¢dassification are discussed in Chapter
Two of Section 2.7. This work also aimed at conitiibg in the area of Amharic text

classification.

The great problem of news classification is therel@se in accuracy as the number of categories
and news increases. Previous researches by S(#@€8) and Yohannes (2007), who have made
experiments on increasing levels of categoriesygirghe idea as indicated in Table 2.6 of
Chapter two. Since many, 13 major and 103 sub ocatginvolved in news articles of ENA,
such problem is the major challenge to implememnbraatic text classification system for news
articles. Surafel (2003) and Yohannes (2007) recented a different approach for automatic
Amharic text classification. Hence, the aim of thiady is, to see the performance of a neural
network based approach, LVQ, on automatic Amhagxt hews classification at increasing

levels of categories and news items.



This research work attempts to answer the follovgjugstions.

» Is neural network approach using LVQ learning mdtfeasible for automatic Amharic text

news classification?

» Can we reduce the effect of increasing number tefgmaies and news items on Amharic text
news classification performance using LVQ learmmgthod?

* What is the effect of TF and TF*IDF weighting metlscon Amharic text news classification

performance?

1.3 Objective of the Study

The general and specific objectives of this redeamrk are described here under.

1.3.1 General Objective

The general objective of this study is to invesegautomatic Amharic text news classification

using neural networks based approach with spemiinsideration of LVQ algorithm.

1.3.2 Specific Objectives

The following specific objectives are incorporatedachieving the general objective.

e To preprocess news documents so as to make thendatueady for classification task.

» To build classifier based on the Learning Vectoatization so that classification is applied
on test dataset.

e To evaluate the performance of the Amharic newssdiar.

* To provide concluding remarks and recommendationfutther research.



1.4 Methodology

Methodology provides an understanding of how aareteis conducted and organized in order to
obtain information that is helpful for developingetdesign of a research (Monica Ines, 2001).

The methods used in this research are described/bel

1.4.1 Literature Review

Literature from books, journals, Internet, etc, dndeen reviewed. The review is to understand
the concept of text classification, approaches et tclassification, the methods used for
preprocessing and classifier construction, conadpineural networks and LVQ, and text
classification using neural networks in general &N@ in particular. Amharic writing system
has also been reviewed to understand Amharic Laeyeharacteristics which are helpful for

preprocessing Amharic news.

1.4.2 Data Source and Datasets Preparation

Structured interview with the Information and Commiwation Technology (ICT) coordinator of
ENA was conducted concerning the data (news), hewsrare created and distributed, and any

software that they use for news management. Tleevietv guide is attached in Appendix 1.

The data source selected for this study is Ethioplaws Agency (ENA). ENA is selected as a
data source because there is no standard Amhavie carpus ready for text classification task as
to the researcher's knowledge. And the other redsothat, the data is categorized into
predefined categories manually by the experts wraoh suitable for supervised learning

approach used in this study. Six years data, fro682008, have been considered for analysis.



But the majority of news items are from 2007 an@&QAccording to the ICT coordinator of

ENA, most news items of the four years from 2008&8re lost due to damage.

Nine categories have been selected based on rasdmpling. Since each category is equally
important for this study, every category is givejua chance to be selected based on random
sampling. The nine categories have 1, 762 newssitetally. After preprocesses are carried out

all the remaining data have been used for expetaien, which accounts 1, 463.

After the data have been preprocessed, trainingesicets are prepared; 66.67% constitutes the

training dataset and 33.33% comprises the tessefata

1.4.3 Automatic Amharic Text News Classification Dgign

The three important steps used in this study aenrpcessing, classifier building and classifier

evaluation.

Removing irrelevant news items due to various sri®the first step. The next preprocesses aims
in selecting important features that can represeat discriminate news items. These include
normalization (removing punctuation mark and cotimgrvarying Amharic characters with the
same sound to one common form), tokenization, rémgostop words and numbers, stemming,

term weighting and dimension reduction for featsgkction.

Matrix is generated with features representing rawd news as columns and the value of each
cell is either TF or TF*IDF weight methods. Hentm, each experiment, there are two matrices,

one is using TF weighting scheme and the othesirggul F*IDF weighting scheme.



After preprocessing is done, the data is partitioimo training and test sets. The training dataset
is used to build (construct) the Amharic text diéess or model based on learning. Finally,
evaluation of the system is made using the testséat Accuracy is used to evaluate the system,

which is computed as the percentage of correctlysified news items.

1.4.4 Development Tools and Experimentation Method

For developing Amharic news text classificatiomuanber of tools are used, which are discussed

here under.

Visual Basic 6 is used to export the contents dddHiene, Keyword and slug attributes from SQL
server to a folder named ‘NEWS’, in doing so filenmes have been generated automatically for
the text files. Visual Basic 6 is used because tofflexibility to deal with databases and

researcher’s familiarity.

For Amharic text preprocessing tasks, such as naatian, tokenization, stemming, stop word
and number removal and weighting words, PythoniBtegrated with NLTK (Natural Language
Tool Kit), is employed. The reason to use Pythontssonvenient nature and powerfulness to

work on text processing.

Learning Vector Quantization (LVQ) algorithm is ds® train neural network classifier. LVQ is

first proposed by Kohonen in 1990. It is the claksupervised learning algorithms employed to
find the elements of which will “best” represenetblasses called prototypes*. The number of
classes and the number of prototypes are predefdabeled training dataset is used in LVQ

learning method. LVQ is easy to implement and intely clear. This makes it interesting for

* In LVQ, subclass and hidden neuron refer the saomeept and subclasses of a certain class aratypetor
codebook for that class.



researchers and practitioners who are searchingofaust classification schemes without the

black box character of many neural network meth{@tssh, 2007).

MATLAB 7.0 is used to build classifier using thdesged algorithm. The tool is selected because
of its availability. Additionally, the Neural Netwio toolbox of MATLAB provides the following

functionalities among others (MathWorks, 2009).

« Graphical user interface (GUI) for creating, tragnend simulating neural networks.

+ Provides support for the most commonly used methafdsupervised and unsupervised
network architectures.

+ Modular network representation that enables ammitdd number of input setting layers and
network interconnections including graphical vielsnetwork architecture.

« Visualization functions and GUI for viewing netwonkerformance and monitoring the
training process.

+ Preprocessing and post-processing functions andilfdknblocks for improving network

training and assessing network performance.

1.5 Scope and Limitation of the Study

The scope of the study is to investigate the p@kapplication of neural networks approach-
LVQ to automatic categorization of Amharic text reearticles of ENA. Nine categories have
been considered, these are Bank and insurancejsifoutevelopment, Mines and energy,
Information and communication technology (ICT), Afducational coverage, Weather forecast,

Religious assemblies and reports, and Creativitgkwo
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Corpus other than news texts is not considerednRie news agencies available in Ethiopia
(ENA and Walta Information Center), only ENA newe aonsidered. In ENA, there are 13

major and 103 sub categories but only nine categ@ie selected.

LVQ works better if the raw data is normalized bed¢w -1 and 1 according to Thulasiraman
(2005). Russell, Eberhart and Shi (2007) recommeribat the raw data has to be tried and
analyzed before the normalized one is tried. Theggestion is followed but time frame inhibits
to try the normalized one. In MATLAB, there are twypes of LVQ, LVQ 1 and LVQ 2.1.
According to Demuth and Beale (2004) of MATLAB, fismance may be improved if LVQ 2.1

is applied after LVQ 1. But only LVQ 1 is used g study.

The reason, for not taking into account the abaresiclerations, is to focus on the impact of two
weighting schemes on Amharic text news classificatAdditionally, based on the result of the
first experiment, three categories experiment udikgweight method, switching epoch gives
better result. Hence, the trend is followed andergpoch levels are tried for all experiments
using TF and TF*IDF weight methods. 54 experimerts carried out for the nine epoch levels
in the three, six and nine categories experimesnisguboth TF and TF*IDF weight methods
without the preprocessing experiments. The consioer of all these disallow to try the fore

mentioned important considerations, given time traus.

1.6 Application of the Study

Document classification has practical importancee &pplications of text categorization listed
by Novovicova (2005) and Sebastiani (2005) testiygreat value. These are spam filtering, mail

routing, e-mail filtering, news monitoring, sele&idissemination of information to information
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consumers, automated indexing of scientific arsiclautomated population of hierarchical
categories of web resources, identification of coent genre, authorship attribution, survey
coding, and so on. According to Sebastiani (20@5)application can be extended to speech
categorization by combing speech recognition amd ¢ategorization for phone call routing,

image classification using captions, for questiosveering system by classifying questions so

that the overall system can be enhanced.

The study conducted on news articles of ENA, carextended for similar industries in the

country. The result can be used as a starting poitid research in those domain areas.

1.7 Organization of the Thesis

This thesis is organized into five chapters. ThestFChapter (this Chapter) is the Introduction
that contains background, statement of the proldanhits justification, objective of the study,

methodology, scope and application of the study.

Chapter Two describes the concept and approachexto€lassification, steps involved in text
classification anahetworks in general and LVQ learning method inipatar. Chapter Two also
provides the details of Amharic writing system atiee tool called System for Ethiopic

Representation in ASCII (SERA), which facilitatemAaric computerization.

Chapter Three is Methodology discussion. It elatesrahe methods and algorithms applied for
designing the system. Chapter Four is the Expetiatiem and Performance Evaluation. It
presents implementation details, experimental tesahalysis and finding of the study. Chapter
Five pinpoints concluding remarks and the recomragods forwarded for further research

work.
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CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

The task of classificationccurs in a wide range of human activity. The te@oald cover any
context in which some decision or forecast is made the basis of currently available
information. As a result, classification proceduserequired for making judgments in new
situations based on the information provided (Mectspiegelhalter and Taylor, 1994). Textual
information is the one that has to be classifiedéificient and effective utilization for a given

purpose.

The volume of text content grows continuously oaliand in corporate domains. Such
information available in digital form has to be aniged in a manner suitable for use; such need
has generated and progressively intensified thera@st in automatic text categorization. Hence,
automatic text categorization, acting as a wayrgganize the text content, becomes interesting
not only from academic but also from industrial rgoof view (Giorgino, 2004; Klein, 2004;
Liao, Alpha, and Dixon, 2003). It is with this cataration that the task of text classification has
got attention from researchers and developers enldht fifteen years though its history dates

back in 1960 (Klein, 2004; Sebastiani, 2005).

The subsequent sections discuss the concept ofctagsification, approaches used in text

classification, steps used in text classificatioayral networks in general and Learning Vector

13



Quantization in particular, Amharic writing systeand previous research works on automatic

Amhatric text classification.

2.2 Meaning of Text Classification

The concept of text classification is defined byuenber of authors in similar way. For example,
Bi, Murtagh and Anderson (1999); Blumberg andeA{2003); Giorgino (2004); Ifrim,

Theobald and Weikum (2005); Klein (2004); Liao, Adpand Dixon (2003); Martin-Valdivia,

Urefia-Lopez and Garcia-Vega (2007); Michie, Spiegjedr and Taylor (1994); Sebastiani
(2005); Skarmeta, Bensaid and Tazi (2000); Wangeanel. (2005); and Yi and Beheshti (2004)
defined text classification as the task of autooadly assigning a set of documents into
categories (or classes, or topics) from a preddfset. The definition given by Sebastiani (2002)

and Klein (2004) clarifies the concept of text slfisation more.

Klein (2004) and Sebastiani (2002) defined texégatization as a mapping of text documents to
categories. To clarify, if C={¢ ¢,...Ccq} is a set of categories (classes) and Dz €4,...,d.} is a

set of documents, the purpose of text classifioagaassigning;do d (1<=i<=m and 1<=j<=n) a
value of O if the document; dloes not belong to;;cotherwise a value of 1. The mapping is

sometimes referred to as the decision matrix (KI20©4) and it is depicted in Table 2.1.

d: | .| d | .. ] dy
C1 A1l adj Adn
Ci di1 Gj din
Cm a’nl am ann

Table 2.1: Document to Category Matrix
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In Table 2.1, d..d, refers set of documents;.cc, refers set of categories angs.aamn

represent a value of O if the document does nonigeto that category, otherwise a value of 1.

Depending on the application, text classificatioaynbe either a single-label task or multi-label
task. Single-label task is assigning exactly oneg@y to a document. And multi-label task is
assigning one category or more categories for angdocument. A special kind of single-label
classification is binary text classification, in iwh a document is going to be classified in either

of the two available categories (Sebastiani, 2005).

Based on Sebastiani (2005), text classificatioa ssbjective task in the sense that two experts,
human or artificial, may disagree on the decisibthe category to be assigned for a document.
A news article could be filed under Politics, FinanSport, or any other category, or even under
neither, depending on the subjective judgment efdkpert. Because of this, the meaning of a

category is subjective.

2.3 Text Classification Approaches

In accordance with Blumberg and Atre (2003), thame four approaches to text
classification, which are manual classification,lerbased classification, supervised

learning and unsupervised learning.

2.3.1 Manual Classification

Manual classification is the assignment of one orarcategories to documents by human
experts. These experts have domain knowledge andida with the category structure

being used (Blumberg and Atre, 2003).
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2.3.2 Rule-based Classification

In this approach, keywords or Boolean expressioasised to categorize a document. Such
method is more convenient if a category can berdest using few words. The method is

uncommon to large scale classification system (Blerg and Atre, 2003).

2.3.3 Supervised Learning

This is a learning mechanism which uses manualigsified documents for training purpose.
From the training, a model or classifier is consted so that new unseen document will be
classified based on the model constructed for eatdggory (Blumberg and Atre, 2003; Giorgino,

2004; Michie, Spiegelhalter and Taylor, 1994; SketanBensaid and Tazi, 2000).

2.3.4 Unsupervised Learning

With this learning approach, preclassified documeart not required since the method tries to
exploit regularities found in the document and mgkeup or cluster based on similarity. The
method, also called clustering; it may not foundegaries which are intuitive to humans
(Blumberg and Atre, 2003; Giorgino, 2004; Michigi&yelhalter and Taylor, 1994; Skarmeta,

Bensaid and Tazi, 2000).

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

source, etc (Sebastiani, 2005).
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2.4 Text Classification Phases

The phases with regard to text classification teature preparation, term weighting, dimension

reduction, classifier learning and classifier ea#ilon (Sebastiani, 2005).

2.4.1Feature Preparation

The text has to be converted into features in otaé&ransform a document into a feature vector,
which is an input for the classifier learning. Henthis phase is basically the first step in the
preprocessing stage of the data. Feature formatiost be performed with reference to the

definition of the features. Features may be toksnggle stemmed or non stemmed words) or
phrases. Features such as single tokens or sitegiered tokens are most frequently used in text
categorization. In this bag-of-words representatimfiormation about dependencies and the
relative positions of different tokens are not usedrasal features consisting of more than one
token are one possible way to make use of the digmeres and relative positions of component
tokens. However, tokens or stemmed tokens showerbefassifier performance than phrases

(Liao, Alpha and Dixon, 2003).

For both classification and retrieval of naturaldaage text documents, the standard document
representation is a term vector where a term iglsim morphological normal form of the
corresponding word (Ifrim, Theobald and Weikum, 200According to Skarmeta, Bensaid and
Tazi (2000), a word is a string of characters diedich by spaces in the context of English
language. The representation of a document usikentes said to be document indexing from

Information Retrieval point of view (Baeza-YatesldRibeiro-Neto, 1999).
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Document indexing denotes the activity of mappirdpaument ginto a compact representation
of its content that can be directly interpretedabglassifier building algorithm and by a classifier
once it has been built. The document indexing nmathasually employed in text classification
are borrowed from Information Retrieval, where %t & is typically represented as a vector of
term weights. Indexing method is characterized bfinthg what a term is, and a method to

compute term weights (Sebastiani, 2005).

Before a document is indexed, it passes throughoongore text processing steps. These steps as
dealt in Baeza-Yates and Ribeiro-Neto (1999) aexical analysis, stop words removal,
identification of noun groups, stemming and finaligexing. The steps are not sequential. For

example, words without removing stop words canaken as index terms. Figure 2.1 clarifies

this fact.
/\
Document » Lexical :> Stop : » Noun :> Stemming :> Indexing
Analysis v | Words ' Groups | '
— 5
Text Text ' : | |
Structure E E :. E
Recognition ! : ! !
5 : : : :
\ | ] 1 1
v v | ' v
Structure Full Text ------- A R Y- Index Term

Figure 2. 1: Steps for Document Representation

The steps depicted in Figure 2.1 are discussekderstibsequent part based on Baeza-Yates and

Ribeiro-Neto (1999).
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Lexical Analysis: concerned about converting a given document toviddal words or tokens
by the process known as tokenization. It deals tighidentification of term separators, accents,
spacing etc. It also involves a decision on consideor disregarding special characters like
hyphens, digits, punctuation marks, spaces, lettees, etc. Usually punctuation marks, numbers,

spaces, etc are ignored.

Stop Words Removal: Stop words are non-content bearing words in a mecd. They are

words which occur frequently and have less powelisariminating one document from another.
Some are used for syntactic purpose; for instaatigles, prepositions, conjunctions, etc. Stop
words are normally removed from a document to iftatd effective representation of a

document.

Noun Groups: deals with the identification of nouns since nogonsivey more meaning in a
document collection. In this step, correcting spgllerrors and combining similar words using a

thesaurus are also included.

Stemming: The same word normally permitted to take variousns for language usage based
on the grammatical rule of the language. Stemmhegefore, deals about converting these
varying forms of the same word into one-root foiffigure 2.2 shows Taxonomy of stemming

algorithms by Frakes and Baeza-Yates (2002).
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Stemming methods

/

Manual Automatic (Stemmers)

Affix Removal Successor Variety Table Looku; N-gram

Longest Match Simple Removal

Figure 2. 2: Taxonomy of Stemming Algorithms

According to Frakes and Baeza-Yates (2002), a#maval algorithms, the method used in this
study, remove suffices and/or prefixes from termsrter Stemmer is an exampté affix

removal algorithm. According to Hooper and Paic@0&), Porter Stemmer is the most common
widely used affix removal algorithm, which appliedes on the word to remove affixes in order

to find its stem.

After carrying out at least the first step (lexi@alalysis), index terms can be generated as a

representation of a document.

2.4.2Term Weights

The importance of an index term to a document asvshby using weight (Giorgino, 2004; Liao,

Alpha and Dixon, 2003). Term Frequency (TF), IneeBocument Frequency (IDF) and Term
Frequency by Inverse Document Frequency (TF*IDE) @mmon weighting methods to show
the importance of a term (Manning, Raghavan andit2eh2008; Baeza-Yates and Ribeiro-Neto,

1999). The three weighting methods are discussseldoan the two sources.
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TF: is the number of occurrences of a term in a docanidre weight of term k in document i, is

given by:

TF = FREQ,

Formula 2. 1: Term Frequency

In Formula 2.1, FRERis the number of occurrence of term k, in documemf is zero if the

term does not appear in document i.

IDF: is a measure of the general importance of the.tEBarmula 2.2 depict IDF of a term.

N

IDF =log

Formula 2. 2: Inverse Document Frequency

In Formula 2.2, N is the total number of documentthe collection, dthe number of documents

in which term k occurs.

TF*IDF:. As the name implies, TF*IDF is the combination d¢f &nd IDF weighting methods.

TF*IDF incorporates two intuitions.

a) If an index term occurs more frequently in a docaothe index term is more important for
that document, the Term Frequency intuition.
b) If more number of documents contain the index tetrma, index term is less discriminating

between the documents, the Inverse Document Freguetuition.
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Formula 2.3 shows TF*IDF weight of term k.
N
TF * IDF = FREQ, * logy*

Formula 2. 3: TF*IDF

In Formula 2.3, FRER is the number of occurrence of term k in documiem is the total

number of documents in the collectioR tde number of documents in which term k occurs.
2.4.3 Dimension Reduction

A major difficulty in text categorization is thedt dimensionality of the feature space. The
feature space comprises one new dimension for eadue term that occurs in the text
documents, which can lead to tens of thousandsiroérkions for even a small-sized text
collection. The dimensionality of the feature spaften exceeds the number of available training
documents; this is an obstacle for learning alporg. So, it is desirable to integrate a
dimensionality reduction phase with text classtfma task (Skarmeta, Bensaid and Tazi, 2000;

Yi and Beheshti, 2004).

Feature selection is often used for dimension realic Among feature selection methods
Document Frequency thresholding (DF) and Inforrmatgain (IG) are frequently used methods
for choosing a subset of the available featuressfiiakumar, 2006). According to Krishnakumar
(2006), DF, used in this study, is the number otuoents in which the word occurs.
Predetermined threshold is used to remove wordshwimave document frequency less than the
threshold value. And IG is the number of bits dbrmation obtained for category prediction by

knowing the presence or absence of a word in ardent
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2.4.4 Text Classifier Learning

A text classifier for a category is automaticallgngrated by a general inductive process (the
learner) by observing the characteristics of ao$gireclassified documents, which dictates the
characteristics that a new unseen document sha@we im order to belong to a certain category.
So as to build classifiers for a category, thera reeed to have a set of documents for which the
category is known. In experimental text classifmat it is customary to partition the set of text
documents into training set and test set. Theitrgiget is the set of documents from which the
learner builds the classifier and the test sdiesset on which the effectiveness of the classsier

evaluated (Sebastiani, 2005).

2.4.5Text Classifier Evaluation

The performance of text classifier can be evaludtgatonsidering effectiveness or efficiency
aspects. Efficiency depends on volatile paramdilegscomputer hardware/software on the other
hand effectiveness depends on the correctnes® aldhksifier (Lavesson, 2003). In a single-label
classification, accuracy is the major effectiveneemsure (Sebastiani, 2005). In this single-label
classification studyaccuracy is used for evaluation of Amharic textssifer. According to
Skarmeta, Bensaid and Tazi (2000), accuracy is otedpas the percentage of correctly

classified documents.

Table 2.2 is a contingency table (Goyal, 2009)vitnich the formula of classifier accuracy is

based.
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Category g Expert Judgments

Class=Yeg Class=No

Classifier Judgments| Class=Yes TP FP
Class=No| FN TN

Table 2. 2: Contingency Table for Computing Classiér Effectiveness

In Table 2.2, TP (True Positive) is the numbereadt tdocuments correctly classified, fFalse
Positives) is the number of test documents inctiyretassified, FN (False Negatives) is the
number of test documents incorrectly not classiied TN (True Negatives) is the number of

test documents correctly not classified. Henceyaay, A, is computed using Formula 2.4.

_ TP+TN
TP+TN +FP +FN

Formula 2. 4: Accuracy of Text Classifier

2.5 Neural Networks

The intension of using neural networks is to maugural processing of the human brain. The
brain is highly complex, nonlinear and parallel guting system. It has the capability to
organize its constituent neurons, information pssg®y elements, to perform computations like
pattern recognition, perception, motor control,; éaster than the digital computers with such

tasks (Haykin, 1999).

The discussion on biological neural networks, @réf neural networks and Learning Vector

Quantization (LVQ) follows.
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2.5.1 Biological Neuron

A neuron has a cell body, a branching input stmectthe dendrite, and a branching output
structure: the axon, which connects to dendrites synapses. Electro-chemical signals are
propagated from the dendritic input, through thi lsedy, and down the axon to other neurons

(Stergiou and Siganos, 1997). Figure 2.3 depi&stiucture of biological neuron.

Figure 2. 3: Structure of Biological Neuron

A neuron fires, produces output, if its input sigerceeds a certain amount (the threshold), in a
short period of time. Synapses vary in strengthodsconnections allowing a large signal and
slight connections allow only a weak signal. Eaelron produces only one output signal. The
output signal is transmitted through the neurong@ung connection. The outgoing connection
splits into a number of branches. The outgoing ¢raa terminate at the incoming connections of

other neurons (Stergiou and Siganos, 1997).

2.5.2 Artificial Neural Networks (ANN)

A neural network is a massively parallel distrilmipocessor made up of simple processing units

called neurons. The processing units have a naemdency for storing experimental knowledge
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and making it available for later use. Two impottdnngs make neural networks similar to the
brain. The first one is, it acquires knowledge frtme environment through a learning process
using the network. The other one is, the acquirealedge is stored as weights, which shows

interneuron connection strength (Haykin, 1999).

2.5.3 Model of Artificial Neuron

Neuron is information processing element that isdAmental to the operation of the network.

There are three constituents of neural networkyKiia1999).

1. Synapses:are connecting links, which have weights that shaws strength. Weights
represented asiyvefers k neuron with j weight.
2. Adder: that sum input signals from sending neuron/s ¢eixeng signals.

3. Activation Function (Squashing Function):for limiting the amplitude of neuron output.

Figure 2.4 illustrates the details of neuron model

X . bias, i
0 " Wi
Activation
Function
< _ Output,
| . #() e
' Summing
\_ Xm :@ Junction
Input Signals Synaptic Weight

Figure 2.4: Neuron Model
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In Figure 2.4, X, Xo,...,Xm refer to input signals; w, Wiz, ..., Wkm are synaptic weights of neuron
k; bias ly has the effect of, increasing: for positive valoesowering: for negative values, the net

input of the activation function.

Formula 2.5 showsyuwhich is linear combiner due to input signals.

m
U = D WX
=1
Formula 2. 5: Linear Combiner due to Input x

In Formula 2.5, x X,...,.Xm refer to input signals; g, Wz, ..., Wkm are synaptic weights of

neuron K.
After applying bias g input to the activation function,¥s calculated as:

vV, =u, +b,

Formula 2. 6: Linear Combiner with Bias

The bias is an external parameter that we can ggmoisuch conditiong#uy.

Finally, the output of the neurop gecomes:

Ye =0(Vy)
Where, ¢ is the activation function.

Formula 2.7: Output of Neural Network
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2.5.4 Architecture of Artificial Neural Network

Neurons are normally grouped into layers; layees gmoups of neurons which perform similar
functions. Usually, there are three layers of negranput layer, hidden layer, and output layer.
The layer of neurons that receive input from therysogram and sends the pattern to the next
layer (hidden layer) is the input layer. Hiddendayone, more or none in some learners), is
between input layer and output layer. This laya¥spnts information to the succeeding layer,

output layer. Finally, pattern is generated bydhbgput layer (Heaton, 2005).

Normally, there are two basic topologies of nemetivorks feed-forward networks and recurrent
networks. In feed-forward networks, the data flatu®ugh zero, one or more succeeding hidden
layers and then to the output layer in one direct@n the other hand, in recurrent networks, the
data flows to all adjacent connected units andutates back and forth until the activation of the
units is stabilized (Artificial Neural Networks, @8). The layered architecture of feed-forward

neural networks, used in this study, is shown guFe 2.5 based on Curtis (2002).

Input Layer Hidden Layer Output Layer

Outpu

Weight

Figure 2.5: Architecture of Feed-Forward Neural Nework
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2.5.5 Learning in Artificial Neural Networks

One of the characteristics of neural networks e dbility to learn from its environment and to
improve its performance accordingly. Learning is firocess by which the free parameters of
neural networks are adapted by simulation of therenment in which the network is embedded
(Haykin, 1999). Haykin identified five types of heang rules. These are Error-Correction
learning, Memory-Based learning, Hebbian learni@pmpetitive learning and Boltzmann

learning.

Error-Correction Learning: is the technique of comparing the system outputheo desired
output value. In this learning, a neuron k is dnil®y a signal vector produced by one or more
layers of hidden neurons, which are driven by inpdtor applied to the input layer. The output

of the neural network is compared to the targepatuand an error is computed as a result.

Memory-Based Learning: All or most of past experience are explicitly stin a large memory
of correctly classified input-output examples. Wintasssification of a test vector that is not seen
before is encountered, the algorithm retrievestthming data and analyzes the neighborhood

with the test data.

Hebbian Learning: states that if two neurons on either side of aapge (connection) are
activated synchronously (simultaneously), then #teength of that synapse is selectively
increased. On the other hand, if two neurons oheeitside of a synapse are activated

asynchronously, then that synapse is selectivebkesmed or eliminated.

Competitive Learning: The output neurons compete among themselves tonfeeactive (fired).

In Hebbian learning, several output neurons mag; firhereas, in competitive learning only one
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output neuron is active. Thus, competitive learngguitable to classify input patterns. There are

three basic elements of competitive learning.

1. A set of neurons that are all the same except synaeights; hence, neurons respond
differently to a given set of input patterns.

2. Alimit imposed on the strength of each neuron.

3. A mechanism that permits the neurons to compegediven subset of inputs; as a result one
output neuron is active at a time. The neuron wias the competition is called a winner-

takes-all neuron.

Boltzmann Learning: can be viewed as neurons with either of the ttates s=+1 or $=-1.
Every pair of neurons is connected by the bidiceal weightsw;; if a weight between two
neurons is zero, then no connection is drawn. Tienization problem is to find a configuration

(assessment of all neurons) that minimizes theggraescribed by:

Where, E is the Energy,and sare two neurons, andjus the weight between neurons i and j.

Formula 2.8: Energy in Boltzmann Learning

2.5.6 Advantages of Using Neural Networks

Parallel architecture, noise tolerance, self-orzgtion and generalization are the characteristics
of neural networks that its benefits are based {iMaraldivia, Urefia-Lopez and Garcia-Vega,

2007). Haykin (1999) lists out the benefits of raunetworks as nonlinearity, input-output
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mapping, adaptivity, contextual information, fatdterance, Very Large Scale Integrated (VLSI)

implementation, uniformity of analysis and design¢g neurobiological analogy.

Nonlinearity: is an important feature if the mechanism respoasibf generation of the input

signal is inherently nonlinear, for example spegighal.

Input-Output Mapping: Neural networks work in a set of examples to nmgui to an output.
Each example consists of a unique input signal ancbrresponding desired response. The
network adjusts synaptic weights (free parametergyoduce the desired output. The training of

the network continues until no change is obseraes/naptic weights.

Adaptivity: Neural networks trained in a specific environmeah be retrained to deal minor
changes in the operating environment. If the sysgenon-stationary, adapting the system to the

new situation is very fundamental to ensure stgtaind to robust performance.

Contextual Information: Every neuron in the network is affected by thebgloactivity of all
other neurons in the network. Thus, contextual rmfttion is dealt naturally by the neural

network.

Fault Tolerance: A neural network degrade in performance insteachtdstrophic failure due to

the distributed nature of information stored.

VLSI Implementation: Due to parallel nature of neural networks it is bk to implement

VLSI technology, which is helpful for capturing cptax behavior.

Uniformity of Analysis and Design: The same notation is used in all domains involvimg

application of neural networks and neurons areeidignt for all types of neural networks.
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Neurobiological Analogy: base for fault tolerant parallel processing. Adultlly, fast and
powerful processing is also possible. Hence, ivigles a research tool for neurobiological and

complex problem domains.

2.5.7 Learning Vector Quantization (LVQ)

Learning Vector Quantization, known for twenty ygais a competitive supervised learning
algorithm that deals with selecting prototypes. Tdek is to find a map fronR (inputs) into a
finite set of labels Y (outputs). The classifiers parameterized by a set of points,...,.k OR,
which is referred as prototypes formed from thénirg dataset. Each prototype is associated
with a label yLI Y. Given a new instance (input)] R, the label of the closest prototype will be
assigned. The goal of the learning process inrttadel is, to find a set of prototypes which will
predict accurately the labels of unseen instarldé®. iterates over the training data and updates

the prototypes position (Crammer, Gilad-Bachracdid, aNavot, 2003).

2.5.7.1 LVQ Architecture

LVQ is supervised version of Kohonon neural netw@kkartin-Valdivia, Urefia-L6pez and

Garcia-Vega, 2007).

LVQ network has two layers (Demuth and Beale, 200dinpetitive layer and linear layer. The
competitive layer learns to classify input vectofbe linear layer transforms the competitive
layer's classes into target classes defined bygbe The classes learned by the competitive layer
are referred as subclasses and the classes ointar layer are called target classes. The

subclasses are always larger than the target slasse
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All the input units are fully-connected by feedsi@rd connections to all output units. The output
units are interconnected through lateral inhibitopnnections so that, when an output unit is
activated, it uses the lateral connections to seithition signals and to be able to deactivate the
rest of the output units (Martin-Valdivia, Urefiagez and Garcia-Vega, 2007). Figure 2.6

indicates the architecture of LVQ according to Démand Beale (2004).

o
©
2 » Competitive Layer —> —®| Linear Layer —
=
o
=
Subclass Target class

Figure 2.6: Architecture of LVQ

2.5.7.2 Types of LVQ

According to Umer and Khiyal (2007), the types ofQ algorithms are LVQ 1 (Kohonen,
1990b), LVQ2.1 (Kohonen, 1990a), LVQ3 (Kohonen, @9Pand the Optimized Learning rate
algorithms OLVQ 1 (Kohonen, 1992). MATLAB 7.0 ingarates two of these algorithms, LVQ

1and LVQ 2.1.

LVQ 1: According to Demuth and Beale (2004), an inputeeP is presented, and the distance
from P to each row of the input weight matrix ismgmuted with the function ndist, a function to
compute Euclidean distance. Layer one neurons I@ss®s) compete for the input. The
Euclidean distance of an input vector is computeith wach codebook vector and the nearest

codebook vector is declared the winner (Umer angy&H2007; Martin-Valdivia, Urefia-Lopez
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and Garcia-Vega, 2007). Demuth and Bealded that the class of the winning neuron (neuron
with the smallest Euclidean distance) is assigoeithé¢ input as a target class. The algorithm for
LVQ 1, which is used in this study, is presentedcdrapter Three of Section 3.8.2.3.

LVQ 2.1: Similar to LVQ 1, the difference is, two vectorslayer one which are closest to the
input vector may be updated providing that one igdao a correct class and the other belongs to

a wrong class. LVQ 2.1 is used only after LVQ 1 basn applied (Demuth and Beale, 2004).

2.5.7.3 Text Classification Using LVQ

A text classifier based on a neural network apgriaa@ network of units, where the input units
represent terms, the output units represent thegoaes of interest and the weight connections
represent dependence relations. The neural clasgfitrained by using a learning algorithm in

order to modify and adjust the weights appropna{€ebastiani, 2002).

LVQ algorithm is the supervised version of the Knéin model and it was especially designed to

accomplish pattern classification tasks (Martindiah, Urefia-Lopez and Garcia-Vega, 2007).

According to Martin-Valdivia, Urefia-LOpez and Gardega (2007), there are two layers of the
LVQ algorithm-input layer and output layer. Codek®a@re the weight vectors associated with
each output units. The input layer has as many @asitfeatures retained (dimensions of the input
vectors) and there is one output unit for each iptesslass. Each class of input space is
represented by its own codebook. For text claggifio purpose, one codebook vector per class

is used.
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Since LVQ algorithm is a competitive network, outpmits compete among themselves in order
to find the winner according to Euclidean distat@wessign a category for each training vector

(Martin-Valdivia, Urefia-L6pez and Garcia-Vega, 2007

2.6 Amharic Writing System

Ambharic is the working language of the Federal Goneent of Ethiopia; it is one of the
Semitic languages. Twenty seven million people kgaaharic; with this, it is the second largest
Semitic language next to Arabic. One of the majdffietences between Amharic and Semitic
languages like Arabic and Hebrew is that Amhariavigten from left to right as of English

(Wapedia, 2009).

The subsequent parts discuss Amharic charactengtyation marks and number systems. The
problems in the processing of computerizing Amhare also dealt. Finally, System for Ethiopic
Representation in ASCII (SERA), which is a systenfacilitate Amharic computerization, is

described.

2.6.1 Amharic Characters
A character or a symbol, Fide&.&A) in Amharic, is used to represent a phoneme, wlich

combination of a vowel and a consonant (Tewodr663»

The present writing system of Amharic is taken fr@e’ez alphabet. Ge’ez was used for
literature in the early time in Ethiopia. The Amicawriting system consists of a core of thirty
three characters each of which occur in basic fanchin six other forms called orders. As shown
in Table 2.3, the six orders represent the diffeferms of Amharic basic characters. Each form

is made in accordance with the sound that goes thighsymbol. Each character designates a
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consonant together with its vowel; the vocalic spintannot be detached from the consonant
element. Thus, Amharic does not use independenbaignfior vowels (Bender and et. al., 1976).

Bender and et. al. added that the non-basic fomaglerived from the basic forms by more or

less regular modifications.

First Secon( Third | Fourth | Fifth | Sixth | Seventh
Order | Order| Order | Order | Order| Order| Order
) U (A 7 7 v v

Ha Hu | Hi Ha He | H Ho

Q Q- A, q (8 A o

La Lu Li La Le L Lo

av oo~ 1. . 7% J° q

Ma Mu Mi Ma Me m Mo

Table 2. 3: Amharic Characters Example
Five order characters known as labio-vellars ase #iere, for exampldy=, =, o, %, ando..

Additionally, labialized consonants lik8,, “2, &, 1., etc are included in the character set

(Ethiopia, 2002; Zelalem, 2001).

In Amharic characters, there is no capital letted amall letter distinction (Bender and et. al.,

1976). Amharic characters are attached in AppeRdix

2.6.2 Amharic Punctuation Marks

Identifying punctuation marks is vital to know walldmarcation for natural language processing.
According to Daniel (1994) cited in Tewodros (2008)e punctuation marks in Amharic are
about ten though few of them used in computer mgitsystem. ‘Hulet Neteb’ (‘:’)-word

separator and ‘Arat Neteb’ (‘::’)-sentence separare the major punctuation marks. But, space
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is mostly used instead of Hulet Neteb (‘") spegiah computer writing system. The punctuation

marks together with their use are presented in Agpe3.

2.6.3 Amharic Number System

The Amharic number system consists of twenty characThey represent numbers one to ten,
multiples of ten (twenty to ninety), hundred andubsand. The numbering system is not suitable
for arithmetic computation because there is noasgmtation for zero (0) symbol, no place value,
no comma and no decimal point. Amharic numberirgjesy is used in dates specially calendar;
otherwise western numerals are used in most litexathese days (Bender and et. al., 1976).

Amharic numbers are presented in Appendix 4.

2.6.4 Problem of Amharic Writing System
There are a number of problems associated with Aimlaiting system which are challenging

natural language processing of Amharic documents;iware dealt below.

2.6.4.1 Redundancy of some Characters

Sometimes more than one character is used for aimsibund in Amharic (Ethiopia, 2002;
Zelalem, 2001). Though the various forms have tbein meaning in Ge’ez, there is no clear cut
rule that shows its purpose and use in Amharicralaeg to Bender and et. al.(197@able 2.4

illustrates the different forms of Amharic charaste/ith similar sound.

Character | Other form/s of the character
U (ha) ch and”

w (sq) 0
h (8) 0
A (tsQ) 0

Table 2. 4: Amharic Characters with Different Formsof the Same Sound
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The problem of the same sound with various charsa@tenot only observed with core characters,
but also exhibited in the same order of charactess.examplel) and?, -1 and;>; A and4; etc

(Tewodros, 2003).

The use of various forms of characters for the samend poses a problem in the process of
feature preparation for the classifier learningceithe same word is represented in different

forms. For example, the word0 &’ (‘sun’) can be represented in Amharic &8¢, Adh0,

A71L, 008,000, 0710, etc.

2.6.4.2 Compound V¥rds

There is no standard way of writing Amharic compdwords (Bender and et. al., 1976). Space
or hyphen is used between two words in a compouodiwsometimes the words are merged
together. According to Tewodros (2003), there meaning difference when compound words
separated by space are treated separately. Fompexatime word tF &-A4.’ (‘tolerant’) formed
from the words P&’ meaning ‘stomach’ and¥4." meaning ‘wide’. One can imagine how the

meaning of the original word is diverted to diffeteontexts.

2.6.4.3 Spelling Variation of the Same \ard

The same word is written in various forms (Ethig@@02; Tewodros, 2003; Zelalem, 2001). For
example, the word9°-+AA’ (‘he hears’) can be written in Amharic &/°-*hAA, A9°LA,
09> 1P, etc. Spelling variation may happen also in theecaf translating foreign word to
Ambharic. For instance, the wordkd 047 (‘television’) can be written aska.-(1.7,

L0077, BAOACT, etc.
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2.6.4.4 Abbreviation
No consistency is kept in abbreviating Amharic va(&thiopia, 2002; Zelalem, 2001). The

word ‘Gev-t- 9°vl 1, meaning ‘AD’, can be abbreviated 49°, 2.9°, %.9°., 9/9°, etc.

All the aforementioned problems pose challengesesiihe same word is treated in different
forms in the process of feature preparation fot tassifier. So, care should be taken to solve

such problems.

2.6.5 System for Ethiopic Representation in ASCIISERA)
SERA is a tool for processing Amharic documentse Timdamentals of SERA are discussed

based on Daniel (1996).

SERA is a convention for translation of Fiddl£A\) script into Latin script that insures the
integrity of the format and content of the origimicument, and that can be fully transportable

across all computer mediums. SERA has been undéinced development since early 1993.

The crux of the problem that demands translatiordus to ASCII size. ASCIl uses 7-bit
encoding of computer letters, which means therela8addresses available to assign for letters
that people and computers may use. But Fidel regua 9-bit system for more than 360

addresses than ASCII can hold.

SERA is used for this research work to translatusli Ge’ez Unicode format of Amharic script
to Latin Script for processing of Amharic documefmsws). The translation of Amharic script to

Latin script is presented in Appendix 5 based oni€lg1996).
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2.7 Review of Related Research Works on Amharic Téxlassification

As to the knowledge of the researcher, three rekearhave been done on automatic Amharic

text classification by Zelalem (2001), Surafel (3p&nd Yohannes (2007).

Zelalem (2001) used statistical method for the sifeesition of Amharic news. He used Cosine
similarity function as a matching function for dégation. Zelalem used TF*IDF to show the
weight of features selected to represent news. Wloog to Zelalem, classification error by
experts is the major factor that reduces the pewdoce of the classifier. Categories which
contain high discriminating terms show better perfance according to Zelalem. Zelalem’s
recommendations gives due attention on the devedopraf standard Amharic preprocessing
tools like spell checker, thesaurus and stop wadsthat researchers on Amharic text

classification can focus on one aspect at a time.

The methods employed in Surafel's (2003) researchkvare Naive Bayes and KNN. Surafel
used Rainbow tool. And he said that Rainbow reladsdatasets and writes/indexes to disk or
archives a ‘model’ containing their statistics acdments like its category and the number of
times words appear in a document. According to f8lrthe classification accuracy using Naive
Bayes and KNN decreases if the categories in Hieitig data contain fewer documents. Surafel
added that if the categories in the training datareot evenly distributed, classification affected
negatively. Surafel indicated that KNN is poor farge dataset and there is a difficulty in
determining the value of K. Amharic preprocessiagls development is one of the issues in
Surafel’s recommendation like Zelalem. Surafel alscommends other methods to work on

automatic Amharic text classification.
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Yohannes (2007) used SVM and Decision Tree methbde.weighting methods employed in
Yohannes'’s research work is TF*IDF. Yohannes shat decision tree and SVM classifiers
showed better accuracy for categories with largebar of documents in the training set than
fewer documents. He also noted that SVM and DeatiSi@e classifiers are good in accuracy at
the expense of performance cost. Therefore, Yolmneeommends other classifiers with less
processing cost and better accuracy. Like ZelalethSurafel, Yohannes also recommended the

development of standard Amharic preprocessingttailaid text classification task.

Table 2.5 summarizes the results obtained by pusviesearch works.

Name Categories considered Method used Accuracy
Zelalem Sintayehu (2001) osine Similarity 85.05%
Surafel Teklu (2003) 16 KNN 64.4%
Naive Bayes 78.48%
Yohannes Afework (2007) 15LMT 79.72%
LibSVM 81.15%

Table 2. 5:Previous Research Wrks on Automatic Amharic Text Classification
Surafel and Yohanes made experiments at increasimper of categories. And they found that

accuracy decreases as the number of categoriemgeas depicted in Table 2.6.
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Name Category Method Accuracy

3 | KNN 89.61%

Naive Bayes 95.739

4 | KNN 84.51%

Naive Bayes 93.869

7 | KNN 75.27%

Naive Bayes 89.939

Surafel Teklu (2003) 16 | KNN 64.4%
Naive Bayes 78.489

5| LMT 93.45%

LibSVM 95.21%

10| LMT 89.98%

LibSVM 91.36%

Yohannes Afework (2007) 15| LMT 79.72%
LibSVM 81.15%

Table 2. 6: Previous Research Works Accuracy at Increasing Cagmry Level

Two weighting schemes are used in this study, whiehTF and TF*IDF. For the purpose of
feature selection, Document Frequency (DF) threkhglis employed. This study considers one
of the neural network algorithms called LVQ for Antatic classification of Amharic news. The

method is tested with increasing number of categaaind news items at various levels of epochs

for both TF and TF*IDF weighting schemes.
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CHAPTER THREE

METHODOLOGY

3.1 Introduction

The tasks that are done for preprocessing of Arahaws includes tokenization, stop words and
number removal, stemming, index term weight, din@mseduction and matrix generation. After
the accomplishment of preprocesses, the classiBerconstructed by Learning Vector
Quantization (LVQ) learning method using MATLAB adool. Finally, the system is evaluated
based on the results obtained using accuracy. Ubseguent sections discuss the methods used
for preprocessing the data to make it ready fassifecation task and the methods with regard to

classifier building and evaluation.

3.2 Tokenization

Tokenization is the process by which tokens aratified as candidates to be used as features.
Candidates in the sense that stop words and nurakeeremoved from tokens. And tokens which

do not satisfy Document Frequency (DF) thresholdiregnot considered.

In this study, words are taken as tokens. All puattbn marks are converted to space and space
is used as a word demarcation. Hence, if a sequenhckaracters is followed by space, that

sequence is identified as a word.

During the translation of Amharic news using SERANnctuation marks are also translated to

their matches, accordingly. Table 3.1 shows sonangies of translation of punctuation marks
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from Amharic script to Latin script. Translation @f the characters including punctuation marks

is attached in Appendix 5.

Ambharic character | Translated to

?

(space)

Table 3. 1 Example of Amharic Punctuation Marks Translation
The translated punctuation marks are consideregrimressing: for replacing punctuation mark
with space and using space as word demarcationorifign 3.1 illustrates the process of

tokenization.

Algorithm 3.1: Tokenization
do
Read the contents of a file
If a character is a punctuation mark thign
Replace it with space
end if
If space is found then
Assign the word to variable
end if

while end of file

3.3 Stop Word and Number Removal

Stop words are non content bearing words, whicHem® discriminating among documents since

they appear in most of them. There are common wsiuls in Amharic which are used for
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grammatical purposes likem., 101C, PS9°, AT, T1C77, etc, which are non informative to
identify documents. In addition to the common stegrds, there are also news specific stop
words like1a 8-, H20PA, hd @, etc; their use is for elaboration and commonlitaews in
accordance with the reporters of ENA. Because @iutiavailability of standard stop list done by

previous researchers, the researcher of this ssualyligated to develop stop list.

Since stop words are highly frequent words, taedidiency of terms aided by manual inspection,
is the method employed in the process of identificaof stop words. Stop list is prepared after
identifying stop words; the list that contains, @®rwhich have to be removed from tokens
generated during the tokenization process. The mdedhanual inspection is, because of
frequently occurring keywords. For example, thedvekéH9® (‘tourism’) is the most frequent
word in the category ‘Tourism development’, whighdrucial in discriminating the category.

Hence, such words are not included in the stop list

The purpose of identifying stop words is, to remeueh words from the list of index terms.
Index terms are believed to represent news or idigtate one news item from the others;
whereas, stop words are not. Hence, using thosdsworthe list of index terms is unimportant.

That is why their exclusion from index term listvigal.

In most cases numbers are less discriminant amoogntents (Baeza-Yates and Ribeiro-Neto,
1999). In this study also, numbers are not consitles index terms. So, index terms list does not

contain any number.

Algorithm 3.2 demonstrates removal of stop words mmmbers from token list.
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Algorithm 3.2: Stop Word and Number Removal

If token is in stop list then
Remove from token list

end if

If token is number then
Remove from token list

end if

3.4 Stemming

Stemming is changing varying words, due to grameahtieasons, to the root form of the word.
Stemming is one of the preprocessing made on Amfext news for this study. Stemmer that

can remove common Amharic prefixes and sufficateiseloped.

Table 3.2 shows an example of the prefixes andcgsffremoved and an example under each
affix; these are not the only affixes removed, titll affixes considered for stemming purpose

are presented in Appendix 7.

Type | Affix Example
Word | Translated to
A | aEm | Em
$ [na [naEe [Eo
N R T
9o | B | BN
'=§ e | B
P v [Eer [Em

Table 3. 2: Affix Removed During Stemming
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The stemmer developed for this study is based fox r@moval algorithm using the concept by
Nega and Willett (2002). In such case, rules agiegh to find the stem of Amharic words. The
rules to remove prefix or suffix from a given wonty not hold true always. For instance,
removing @." (‘wu’) from the word ‘. (‘person’) would give @&’ (‘se’), which is
meaningless; and removin@’* (‘be’) from ‘(IA?" (‘autumn’) gives A (‘lg’),which does
not represent the original meaning. Hence, two @tkae lists are prepared for which affix

removal rules do not applied.

» List of words that prefix removal rule does notdoie and

e List of words from which suffix removal rule is napplied.

The stemmer developed takes words as an inputeandves prefix of the word. After the prefix
is removed, the word is again checked if it lasih wuffix in the suffix list, if so, the suffix is

removed from the word. Table 3.3 shows an example.

Example 1 Example 2 Example 3 Example 4
Input: gy 509y P8y P8.997%
Prefix: No No ¢ ?
Outputl: ] By zm 2y
Suffix: No 7 No 7
Final output: &4y oy zm gn

Table 3. 3: Example of Stemming
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Algorithm 3.3 shows the procedure of finding stefna avord.

Algorithm 3.3: Stemming

L= token length-1
If token starts with prefix then

If token not in exceptional list the

—

token=token[prefix length: L]
update token length
L=token length-1
end if
end if
If token ends with suffix then

—

If token not in exceptional list the
length=L-length of suffix
token=token[0:length]

end if

end if

3.5 Index Term Weight

All index terms are not equally important in remesng and discriminating a document; it is
thus, required to measure how important a term ith wegard to representation and
discrimination of a document. TF and TF*IDF are wireighing schemes used in this study. The

procedure is shown in Algorithm 3.4.
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Algorithm 3.4: Index Term Weight

for n to the number of news

do
If token=token[i]
TF=TF+1
i=i+1
end if
while end of file (news item)
i=0
do

If token in news item then
dk =dk+1 //d; is the no. of documents containing the token
end if
while end of all news items
Compute TF*IDF using Formula 2.3 of Section 2.4.2
n=n+1

end for

3.6 Dimension Reduction

After identifying the number of tokens generatediry tokenization, stop words and numbers
removal and stemming are applied to reduce the puwittokens to be used as features. But still
the dimension has to be reduced so that the mogortant attributes of each category is

identified. The need to reduce the dimension is:

» Irrelevant features are removed which may affediopmance badly.

* For convenient computational complexity.
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In this study, Document Frequency (DF) thresholdsngsed to reduce the dimension of features
generated. DF is the number of documents that womtecertain feature. The procedure for
computing DF is shown in Algorithm 3.4 ag ®F thresholding is employed for each category to
select features. The system is supported by mashssdrvation; whether stop words which are
not eliminated during stop word removal are mixed & there are important features which do

not satisfy the threshold.

3.7 Matrix Generation

After all the processing on Amharic news documératge been finalized, matrices have been
generated to be fed into the learning algorithme tatrices constitute terms and class as rows.
The value of terms is the result of TF or TF*IDFigle methods. Finally, class attribute has

been assigned the category label of each news if&m.category name and category label of

news are depicted in Table 3.4.

Category Name Category Label
Bank and insurance
Tourism development
Mines and energy
ICT 4
Art 5
Educational coverage 6
Weather forecast 7
Religious assemblies and reports 8
Creativity work 9

W =

Table 3. 4: News Categories and Their Correspondingjabel
The experiment is carried out for two weightingesties (TF and TF*IDF), hence Algorithm 3.5
indicates the procedure for generating matrix regméation of news using TF and TF*IDF

weight methods.
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Algorithm 3.5: Generating Matrix

for i to size of index terms
Write index term
do
If index term is in file then
Write TF or TF*IDF value
Else
Write O
end if
while end of file
Write category label
Return to new line
i=i+1

end for

3.8 Classifier Building and Evaluation

Classifier building is the construction of the @idigr using training dataset that can predict on
test dataset. For the purpose of classifier coottmy, the neural network toolbox of MATLAB

7.0 has been used with Learning Vector QuantizgtiM®@Q) algorithm.

3.8.1 MATLAB 7.0

The neural network tool box of MATLAB 7.0 support®mmand line or Graphical User
Interface (GUI) to create, train, simulate (tek® hetwork. For this study, GUI has been used to
import data and create networks. And command winddas/been used to initialize epoch, create

target, train networks and simulate (test) networks
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The preprocessed data has been prepared in CSWn{@alalimited) file format; that MATLAB

can read. Actually, MATLAB can accept other filpés too.

3.8.2 LVQ Algorithm for Amharic Text Classification

The procedure of using LVQ for Amharic text clagsifion is:

e Create LVQ network
» Create target of the training dataset
* Train the network using training dataset

» Simulate (test) the network using test dataset

3.8.2.1 Creating LVQ Network

LVQ network is created using GUI of MATLAB. For tleeeation of the networks, the following

parameters are specified.

Input Ranges: is the maximum and minimum value of each inputadanhd it can be

automatically generated from input matrix.

Number of Hidden Neurons:is the number of subclasses, which is always fatigen the
number of categories. For this study, in each expErt double to the number of categories is
taken as the number of hidden neurons with thengib@ of representing each class (category)
with two neurons after carrying out preliminaryats. There is no mechanism to assign neuron
for each class separately in MATLAB; that is, nocim@nism to assure equal distribution of
neurons across classes. In this study, varioushspm® experimented rater than varying number

of hidden neurons by observing the result in tluaegories experiment using TF weight method
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because good result (94.81% accuracy) is obtaigeghénging epoch at this experiment. Hence,

the trend is followed for all experiments.

Output Class Percentageis the percentage of each category with respetttetaotal number of

training dataset.

Learning Rate: In LVQ, the learning rate states that the fractidrthe distance between data
point and the closest reference vector. It deteesiihow far the reference vector is moved
towards or away from the data point. The default@as 0.01, that is, the reference vector is
moved 0.01 times the distance to the data pointhig1study, the default learning rate (0.01) is

used.

Learning Function: is the learning rule in LVQ. In MATLAB, there atao learning rules
learnlvl (LVQ 1) and learnlv2 (LVQ 2.1), Discusséd Section 2.5.7.2 of Chapter Two.
Applying learnlvl is the prerequisite to use leaPnlhence, learnlv2 can only be used after

applying learnlvl. The learning rule employed irs tstudy is learnlvl.

3.8.2.2 Creating Target

Since LVQ is supervised algorithm, targets are venglamental to the network; which is created
using the command T= ind2vec (Tc), where Tc isatgput (class) of the training dataset and T
is the target created. Targets have rows equdlegmtimber of classes and column equal to the

number of training dataset as shown in Table 3.5.
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OO0 |0 |0 |00 |0 |k
OO0 |0 |0 |00 |O|F
OO0 |0 |0 |00 |O|F
OO0 |0 |0 |00 |0 |k
OO0 |0 |0 |00 |O|F
OO0 |0 |0 |00 |0 |k
OO0 |0 |0 |00 |0 |k
OO0 |0 |0 |00 |0 |k
OO0 |0 |0 |00 |0 |k

Table 3. 5: Targets for Nine Classes

Table 3.5 shows the targets generated for ninsetasine rows equal to number of classes and
nine columns (reduced for viewing) equal to the bamof training dataset. A one on a certain
column indicates input data (on that column) befotogthat class; the reverse is true for a zero in

a target column.

3.8.2.3 Training the Network

The construction of the classifier has been domegusearning Vector Quantization (LVQ) in a
supervised manner. Hence, the algorithm demandsinga and test datasets which are
preclassified by the experts. LVQ algorithm usesntng dataset for classifier construction; and

test dataset for the evaluation of the classifogrstructed.

The training dataset constitutes 66.67% of thel w&a. The data is in CSV file format and

imported using GUI of MATLAB.

Before training is started, the following paramstare set.
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epoch:is the learning steps. In this study, various Iewdlepochs are experimented. Nine epoch
levels are used for training: 100, 500, 1000, 120®M0, 2500, 3000, 3500 and 4000. epoch is set

in MATLAB as ‘network.trainParam.epochs= ‘value’;’.

100 is the default epoch for LVQ algorithm. epoolwér than 100 are not selected based on
preliminary trial. Thus, experiment is made frore ttefault epoch level up to 4000 increasing at
interval of 500 (except the first). Interval of 5@ selected to see the impact of higher epoch

levels because if smaller interval is chosen iesalong time to reach to 4000.

show: is the interval of epoch number to display thefqrenance of the network while training.

In this study, the default ‘show’ is used, whicl2&

goal: is the error that is intended to achieve durirgning. The default ‘goal’ is used in this

study, which is 0.

After the initialization of training parametersgethext step is training the network created using
the command, ‘network=train (network, P, T);. Pinput patterns and T is the target for each

input pattern.

The default training function is used, which igrirawhich trains a network with weight and bias
learning rules with incremental updates after ga@sentation of an input. trainr is not directly

called, it is called using ‘train’ by setting netskdrainFcn property to ‘trainr’.

During training, MATLAB uses different kinds of fations. The functions that LVQ uses are the

following according to Demuth and Beale (2004).

55



MIDPOINT: is a weight initialization function that sets wieigrow) vectors to the center of the

input ranges (minimum-+maximum/2).

NETSUM: is a net input function. Net input functions cdéta a layer's (competitive or linear

layer) net input by combining its weighted inputsl diases.

COMPET: is a transfer function. Transfer functions caltella layer's (competitive layer) output
from its net input. COMPET (N) takes one input angut, N and returns output vectors with 1

where each net input vector has its maximum valod,0 elsewhere.

PURELIN: is a transfer function. Transfer functions calteila layer's (linear layer) output from

its net input to decide on the predicted class.

The performance function used is MSE (Mean Squarerf: which is the default performance

function. MSE is the average squared error betwleemetwork output and the target output.

The learning rule or the type of LVQ employed isQY (learnlvl), the algorithm works in the

following manner according to Martin-Valdivia, Ugefiopez and Garcia-Vega (2007).

Step 1 Initialize the codebook vectovg and the learning rate

Step 2Randomly select an input vector

Step 3Find the winner unit closest to the input vectiie(codebook vectowr, with the smallest

Euclidean distance with regard to the input vegjor
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D=3 (x-w)?

Formula 3.1: Euclidean Distance

In Formula 3.1, n is the number of vectors in aetmibks, D is Euclidean distance between the
input vectors, x and their representativeg,(¥odebook). The smallest D will be considered to

select label for the input vector.

Step 4Modify the weights of the winner unit:

« If w; andx belong to the same class (the classification leas lcorrect), then
We(t+1)=we(t) +ar(t) [x(t) ~we(t)]

* If w; andx belong to different classes (the classificatios hat been correct), then

We(t+1)=we(t) —a(t) [ (1) —we(t)]

Step S5Reduce the learning raie

Step 6Repeat from step 2 until a fixed number of itenagi have been carried out.

3.8.2.4 Testing the Network

The test dataset is prepared like the trainingsdatand constitutes 33.33% of the total data. The
test dataset is used to evaluate the performanttee aflassifier. In this study, accuracy is used fo
evaluation of Amharic text news classifier. Theldaling commands are used for testing and

evaluating the trained network.
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‘Y = sim (network, Test); Test is the test dataset and Y is a matrix likgetamatrix of training

data shown in Table 3.5.

‘Yc = vec2ind(Y);’ converts the target into value of 0 and 1 to aata&égory label. In this

study, the category labels are 1,2,3,4,5,6,7,8,9.

Ec = Tcs-Yc; Ec is the number of misclassified news, Tcs is catggbtest dataset andcYs the

category of the test result. Finally, the perceatafEc is computed from the total test dataset.
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CHAPTER FOUR

EXPERIMENT AND PERFORMANCE EVALUATION

4.1 Introduction

This study is concerned with automatic Amharic tegtvs classification, which is a type of
supervised learning. In this case, there are ios@mvhich can be used for training or learning
and there are instances used for testing the i&as$tor both learning and testing, preclassified
data is required. Taking this into consideratiorecptegorized data have been collected and
preprocessing is made on the data so as to makeadly for classifier learning. From the

preprocessed data, classifier has been constrantéds effectiveness has been evaluated.

The subsequent sections discuss the architectutieisobtudy, the process of making the data
ready for classification task and finally, experittaions are conducted on automatic Amharic

text news classification using TF and TF*IDF weiggtschemes.

4.2 Architecture of Automatic Amharic Text News Clasification

The architecture of automatic Amharic text newsssif@er has three basic components-

preprocessing, classifier construction or buildamgl classifier evaluation.

Preprocessing is the process of making the datdy res experiment. Since the collected news
items are unstructured and stored in a databaaenay suitable for the application of ENASOoft,

it is converted in such a way that is appropriatethis study. The final goal of this stage is to
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convert news collection into a matrix in which imdeerms constitute rows and news items

represent columns with TF or TF*IDF result as weigdlue of index terms.

After the data is made ready for experimentatitie training dataset has been fed into the
learning algorithm so that classifier (model) h&e constructed based on learning. Classifier
construction is not the final stage; its effectiess is tested by supplying test dataset in that its
potential applicability is seen for researchers dedelopers alike. Figure 4.1 summarizes the

architecture of this study.

g7 Q™ +moct (LE5F

P ety - @M At
e Amharic News r +m »| Normalization and
Tk AT Tokenization

& e Aond-C RO HEERT 107 NAA

A 4

Stop word and Number
Removal, and Stemming

A 4

Weighting
A 4
Dimension
Reduction
Training Datase Test Dataset
Classifier Classifier
Training Testing
A 4
Category
Assigned
A 4
Accuracy

Figure 4. 1: Architecture of Automatic Amharic Text News Classification
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In Figure 4.1, Amharic news items are used as putito the system. Then preprocessing tasks
like normalization (changing varying Amharic chaeas with similar sound to one common
form, changing punctuation marks to space), toksium, stop word and number removal,
stemming, weighting terms and dimension reductiom done. After all these preprocesses,
datasets are prepared in a matrix form, from whiaming and test datasets are prepared and
used as training and testing purpose respectiebm the training dataset, model (classifier) is
constructed. The model is tested using the tesisdatThe testing outcome is the assignment of
categories for news items that are not encountdugnhg training. Finally, evaluation is made

based on the test result using accuracy.

4.3 Data Source

The data source for this study is news of ENA. maes items are stored in SQL server using the
format of Visual Ge’ez Unicode. 47, 037 news iteans extracted from the server of ENA. The
majority (83.6%) of news are from the years 200d 2008. Only 16.24%, from the total data
collected, are from 2003, 2004, 2005, 2006, 200Y 2008 years. According to the interview
made with ICT coordinator of the agency, the foeang news items are not complete due to

damage. Table 4.1 shows the number of news iteraaadh year.

No. | Year | Number of news| Percentage
1| 2003 39 0.083%
2 | 2004 o8 0.208%
3| 2005 2 0.004%
4| 2006 7,500| 15.945%
5| 2007 20,359| 43.283%
6 | 2008 19,039 40.477%
Total 47,037 100%

Table 4. 1: Data Collected From ENA
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The data are classified in accordance with majassification and sub classification. Totally,
there are 116 classes including the major and Rds&s. Among these 13 categories are major
categories, and the rest (103) are sub classesr uhdemajor classes. The major and sub

categories are attached as an Appendix 6.

For the purpose of this study, nine categoriestaken into consideration. The nine categories
have been selected based on random sampling, wdnehBank and insurance, Tourism

development, Mines and energy, ICT, Art, Educaticmverage, Weather forecast, Religious
assemblies and reports, and Creativity work. Thalmar of news items in each category and the

total number of news items are shown in Table 4.2.

No Category News No.
1 | Bank and insurance 339
2 | Tourism development 295
3 | Mines and energy 269
4 | ICT 205
S| Art 201
6 | Educational coverage 147
7 | Weather forecast 135
8 | Religious assemblies and reportg 113
9 | Creativity work 58
Total 1,762

Table 4. 2: Number of News Items for the Nine Catagies before Removing Irrelevant Ones

4.4 Removed News

Even though the total number of news items fomtime categories is 1, 762, all of them have not

been considered due to various reasons. Which ntkanhthere are news removed from the data
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and part of news are considered for the constnuatfdhe classifier. Some news items disturb the
objectivity of the study others are not relevanttfee purpose meant for. The removal is made by
exporting news from SQL server to Microsoft Excetause Microsoft Excel is found to be very
convenient for the researcher and suitable to Viewharic news. 224 news items are removed
due to various reasons. Table 4.3 shows the numibeews items removed for the various

reasons.

Reason for Removal No. of News
Null Values 53
Misclassified News 36
Meaningless Characters 18
Redundancy Problem 18
Correction of News 26
Language Problem 13
Total 224

Table 4. 3: Number of Removed News Items

The subsequent parts describe the reasons foethaval of news items.

4.4.1 Null Values

The study considers three important parts of n@wghie purpose of selecting relevant features. It
has been believed that news articles can be repgesséy headline, keyword and slug. That is
why the three parts of the news are taken intow@adcior this study. Hence, records are removed
if they lack headline, keyword, or slug. Table #4an example of news with no value in the

keyword and slug attribute.
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Head Line Keyword | Slug
Ph X £7 aoge 1R T AG09° PN T PP
K7L O (277 A0 AN0 10

Table 4. 4: News Item with Null Value of Keyword anl Slug

4.4.2 Misclassified News

Due to error made during data entry in ENA, somesigems are entered in a wrong category
that they do not belong to. Misclassified news geane identified with the help of reporters of

ENA. For example, the following news item with theeaning ‘According to consumers and

merchants the price of fruit have no change sirmst Week’, is categorized as ‘Bank and

Insurance’ while it belongs to the category ‘Trade’

“ChATRAT 9T PO AL QAL AICT T A9 Ad-P ANTINCET GOVE TG Y08, P

1002

4.4.3 Meaningless Characters

Records with erroneously entered characters arewednfrom the data. If a news item contains
characters that do not convey any message, it éas teduced from the data. Actually, care is
taken to do that; reporters are asked the measismcated with such characters but they replied

that such scenario happens due to error. lllustias presented in Table 4.5.

Head Line Keyword | Slug

?? ?? ??

nnanné.é.an | é. 17

Table 4. 5: Meaningless Characters Found in News @ection
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4.4.4 Redundancy Problem

News items which contain redundant words, phrasegimences are removed since they disturb
the objectivity of news representation using indesms. The following news, meaning: ‘739
students are graduated’, belongs to the categatycétional Coverage’, which is repeated four

times after the symboal: (the final one is not complete).

DA (w7 @+ CFIPUCT TEVEI CAAMGTTo7 739 T16PT AawPavl @ N,
014926 b Ahovldd:: hAB Qw0 T CTI°UCT TEAL LAAMTTo7 739
T PT AawBavl @ N (1976 e hNawldd:: hAB (Mwf0To- PTI°UCT
TEI LAAMGTT7 739 TTEPT AawEawd @ AN 15746 Ve Aavldd:: hAE

Naw 205 @ P TI°VCA TEVI° LAAMST T 07 7391714 P

4.4.5 Correction of News
Some news items contain correction of the originas. For such kinds of news items,
‘correction’ (‘““74.42.¢’) is written on the headline. Those news itemsehagen removed from

the data since they do not contain the sense afdhs.

4.4.6 Language Problem
Some Head Lines, Keywords or Slugs are written gudtimglish. All these news items are
removed from the data. Figure 4.2 illustrates shapt of the table in the news database that is

written using English, the fifth item.
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+hER AT AN P PHC RELE Prorad fH0e-R AT P+ TRLE it

ATEREF REHE far A oe1T honlPS A1 00d 3o Pd g
FPHATFT PLLT M1oT FE2F AFmi o | Fh2 0P AL 2T JURC hrrin

10 "£A 87 0 AL T+ Pafe oT ' §FF ool t £ ot
Minassie BE EEE

FEE ol U ROYMTRE AT 7 FAm PP E ool U B oonlt U9
PEAT mTMET F37F PRI RS P ParT F-E PN F hrrin

Fn ok P “ﬁhﬂ'i:ﬂ AMCAEE PR PAE AT LT? Twer s 7 thét
Figure 4. 2: News Item Written Using English Charater
After removing news with the fore mentioned probdemn total of 1, 538 news items remain.

Table 4.6 shows the categories together with tmeb®u of news considered.

No Category News No.
1 | Bank and insurance 297
2 | Tourism development 253
3 | Mines and energy 251
4| ICT 167
5| Art 152
6 | Educational coverage 138
7 | Weather forecast 132
8 | Religious assemblies and reports 103
9 | Creativity work 45
Total 1, 538

Table 4. 6 Number of News after Removal of Irreleviat News

News items which contain none of attributes (feegyiare removed. That is, after news matrix
generation, any news item that holds none of thtufes is removed from the datasets. Table 4.6
does not incorporate such removal. Since the numf@moval in such case varies based on the
number of categories in each experiment, it isudised in Section 4.9.2 under three, six and nine
categories experiment using TF weight method. Kamgple, from the category ‘Art’, 4 news
items are removed during three and six categonggrenent but 3 news items are removed

during the nine categories experiment.
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4.5 Translating and Exporting Amharic News

Amharic characters are translated into Latin s¢approcessing purpose using SERA, which is a
system of converting Amharic characters into ASTHe character table of SERA in Appendix 5
iIs modified according to information in Appendix Bhe modification is required in order to
change Amharic characters with different symbols $amilar sound to one common form. For

example, in SERA character tabl# ‘is mapped to ‘he’ and/' is mapped to ‘ha’ but both U’

and 7' have similar sound, hence in this study, both @mstated to ‘he’.

The need to handle various forms of characters thighsame sound is, to treat the same word
with such different characters as one word. In Anthahere are various characters with the
same sound as discussed in Chapter Two of Sectéoa.2. And there is no rule where to use
those varying characters. In the news collectedonsistent usage of such characters is very
common. If those characters are not replaced with common character, the same word is

treated differently. As a result, we obtain morartlone index term for the same word.

The word *IF9°VC-1¥ (‘education’), for instance, is found in the dattten in three forms as
CHFIPUCT, CTIP G and “HYICT; which means, there are three index terms fortbiel
“T9°UC-T1° (‘education’) even if all the three forms have s@mme meaning, ‘education’. Such
kinds of things increase computational complexityeqrease efficiency) and decrease

effectiveness (accuracy). Therefore, all words wahying characters but having the same sound

are converted to one common form.

The collected news items are stored in SQL seidéthe news are exported and saved as text

file (txt file format) in order to process the newwsom the SQL server, three attributes of news
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are taken into consideration. It is believed tihat three attributes, headline, keywords and slug,

represent the contents of news.

Filenames are generated automatically for each newsduring the export. All files are stored
in a folder called ‘NEWS’. The nine categories @entified by numbers (file names) in a certain

range given for each category as shown in Table 4.7

No. Category Filename Range
1 | Bank and insurance 0-296
2 | Tourism development 297-549
3 | Mines and energy 550-800
4|I1CT 801-967
5| Art 968-1, 119
6 | Educational coverage 1, 120-1, 257
7 | Weather forecast 1, 258-1, 389
8 | Religious assemblies and reports 1, 390-1, 492
9 | Creativity work 1, 493-1, 53¢

Table 4. 7: Filename Range for each Category

4.6 Stop Word and Number Removal, and Stemming Experiments

Preprocessing done on the data is to generatexnmditterms and their TF and TF*IDF weight
values. But all terms are not used as represeatat¥ news due to high dimensionality. Hence
forth, after tokenization, words which have lessitabution in representing and discriminating
news have been eliminated. Such terms are stopsvard numbers. As a method of enhancing
representation, stemming is also used to bring svarth similar concept but varying characters
due to grammatical usage of Amharic; that woulceotlise be treated differently if stemming is
not considered. Table 4.8 shows the results wiglanek to the number of features, reduction of
features in number and percentage (%) after eagprgressing has been made and after all the

preprocessing tasks are made together.

68



Category Tok. Number Stop Word Stemming All Preprocessing
Name N Removal Removal

FN |[RN|R% | FN | RN | R% | FN RN | R% | FN RN | R%
Bank and
insurance 1007 96f¢ 403.97| 974| 33| 3.28| 841 166 16.48 613 394 39.13
Tourism
development 1176 1162 141.19| 1137| 39| 3.32| 926/ 250 21.26 834 342 29.08
Mines and
energy 1303| 1267| 36 2.76| 1264| 39| 2.99| 1026 277 21.26 905 398 30.54
ICT 856| 840 16 1.87| 827| 29| 3.39| 685 171 1998 622 234 27.34
Art 743 | 740 3] 04| 723| 20| 2.69| 627 11 1561 587 156 21
Educational
coverage 794 | 777 17 2.14| 752| 42| 5.29| 628 166 2091 541 253 31.86
Weather
forecast 644 642 20.31| 619| 25| 3.88| 494, 150 23.29 447 197 30.p9
Religious
assemblies
and reports 717 71p 5 0.7| 684| 33| 46| 608 109 152 55f 160 22.82
Creativity
work 340| 336 4/ 1.18| 328| 12| 3.53| 296 44 12.94| 273 67 19.71
Total 5129| 5032 97 1.89| 3662| 103| 2.01 5026 1467 28.6 3258 1881 36.48

Table 4. 8: Stop Word and Number Removal, and Steming Experiments Results
In Table 4.8, Tok.N is the number of tokens gereatdity tokenization process, FN is the number
of features after each preprocessing, RN is thebeurof reduction of features from the total

tokens generated during tokenization, R% is theaon of features in percentage.

The ‘Total’ of the column ‘FN’, in Table 4.8, is tithe sum of all features. There are common
features which occur among two or more categofibat is why, the ‘Total’ of the column ‘FN’

reduced from the sum of features in each category.

From Table 4.8, it can be observed that stemminduaes features better than other
preprocessing methods, which is 28.6% for all aaieg. Stop word removal reduces features by
2.01% and 1.89% features are reduced from the te#lires as a result of number removal.

When all the preprocessing is done together, 36.dBfatures are reduced for all categories.
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The amount of features reduced is considerablegimater number of features can be reduced if
stop word removal system and stemming systemsaanglete. If the stop word removal system
uses stop word list that incorporates all stop wdreltter reduction can be achieved according to
this study. Using the stemmer developed, good tréswbtained; if standard stemmer that takes
all affixes into consideration is used, again tlesuit of this study indicates that more reduction
can be accomplished. Amharic is morphologicallycheghat needs the development of

sophisticated stemmer; for example, the word ‘edyat A-(1.-1') is not stemmed to ‘bEt’

(‘0-1) in this study. If such cases are incorporate@msning method can brought good

reduction in the number of features according &r#sult of this study.

4.7 Dimensionality Reduction of Features

The number of features is too many (3258) evenr aftedergoing different preprocessing
methods. Hence, dimensionality reduction methodgiBlocument Frequency (DF) thresholding
is carried out to reduce features further. The ¢&dn is required to represent news with the most

important features and hence, reduce computatcomaplexity.

DF value of a term is the number of documents whidnmtain that term. Hence, DF is
experimented for each category to identify featusbsch can well represent and discriminate
each category. In doing so, a semi-automatic tecleniis employed to identify the most
representative terms for each category. This ematlecheck important terms which do not
satisfy the DF threshold and also irrelevant tewhsch satisfy the DF threshold. Consultation

with ENA reporters is fundamental to decide whetherord is keyword or not for that category.

For example, the term ‘ityoPya’&.- ¢4 €’) occurred in 46 news items in the category ‘Bank

* Appendix 5 can be referred for the translatiorAafharic script to Latin script
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and insurance’, which satisfy DF threshold. But then is not keyword for the category; as a
result, the term is excluded in the feature listtleé category. On the other hand, the term
‘inxurans’ (‘A.7101-¢-"20r) has DF of 8, which is below the threshold, dusithe most important

keyword in the category ‘Bank and insurance’; heiitds included in the feature list to represent

the category. Table 4.9 shows the DF threshold wsetl the number of features for each

category.
Category DF Threshold| Features No.
Bank and insurance 40 7
Tourism development 24 8
Mines and energy 40 8
ICT 20 9
Art 17 10
Educational coverage 20 15
Weather forecast 30 6
Religious assemblies and repofts 12 13
Creativity work 10 4
Total 80

Table 4. 9: DF Threshold and Number of Features foEach Category
For example, the category ‘Creativity work’ has theatures ‘feTera’ é.mé-’), ‘mrmr’

(‘9°CIRC), ‘elmroewi’ (‘hAYPC AP and ‘patent’ (T-17-1).

The experiment for this study is carried out ore#rsix and nine categories; thus, the number of
features is not the sum of features for the tht€d,(Art and Educational coverage), six (ICT,
Art, Educational coverage, Weather forecast, Raligiassemblies and reports and Creativity

work) and nine (Bank and insurance, Tourism develsm, Mines and energy, ICT, Art,
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Educational coverage, Weather forecast, Religi@serablies and reports and Creativity work)
categories as there are common features which @moss categories. Table 4.10 depicts the

feature size for the three, six and nine categories

Category Number | Feature Number | Feature Sum| Difference
3 32 34 2
6 47 57 10
9 69 80 11

Table 4. 10: Number of Features in Three, Six and iNe Categories Experiments

In Table 4.10, ‘Difference’ indicates the numbercoimmon features. ‘Feature Sum’ shows, the
number of features when number of features in thsde and nine categories are summed
according to Table 4.9. ‘Feature Number’ indicaties actual feature size in the respective

experiments; the reduction is due to the commotufea found in more than one category.

From Table 4.10, we can observe that only 2.12%hef total tokens identified after all

preprocessing, are used as features by the apphiaatdimension reduction step.

4.8 Matrix

The input to the learning algorithm is a matrix gexted with the value of term weights, TF and
TF*IDF. Table 4.11 and Table 4.12 show an exampleairix generated for the nine categories
experiment using TF and TF*IDF weight methods resigely; the rows and columns are

reduced for viewing purpose.
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The algorithm requires only the weight values faiirting input dataset. That is, during training
(learning), terms and class labels are not used.tAa class row (last row) is used separately as

an output of the input patterns, from which targetscreated.

A P

turizm' 0 0 0 0 0 0 0
TI°UCT

‘tmhrt' 0 0 0 0 0 0 0
q7h

‘bank’ 0 1 1 0 3 0 0
Al 11 P2

'mnzari' 2 1 0 1 1 2 2
N7

'maldn’ 0 0 0 0 0 0 0

Class 1 1 1 1 1 1 1

Table 4. 11: Matrix Using TF Weight Method

In Table 4.11 and Table 4.12, zero indicates thatfeature does not occur in that category;

otherwise its weight value is used to show its ingoace.

A P

turizm' 0 0 0 0 0 0 0
TI°UCT

‘tmhrt' 0 0 0 0 0 0 0
07h

'‘bank’ 0 3.46 3.46| 0 10.38| 0 0
e

'mnzari' 6.64 3.32| 0 3.32| 3.32 | 6.64| 6.64
¥ Y

'maldn’ 0 0 0 0 0 0 0
Class 1 1 1 1 1 1 1

Table 4. 12: Matrix Using TF*IDF Weight Method
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4.9 Classification Experiment on Amharic Text News

The experiment here is using the matrix generatedhdth TF and TF*IDF weighting schemes.
Using the two weight methods, experiments are edraut for three, six and nine categories

respectively.

4.9.1 Experimental Plan

There are 54 experiments carried out totally. Femheexperiment, nine levels of epochs are used

and experimented, which are 100, 500, 1000, 15000,22500, 3000, 3500 and 4000 epochs.

Since the objective of the study is to see thedtiarperformance with the increase in the number
of categories and news, the experiments done atiere@, six and nine categories with increasing
number of categories and news. To select the tmagps, categories are arranged in decreasing
number of news as can be referred from Table 4tfél #he categories are grouped into three

groups with each group having three category mesnderording to Table 4.13.

Groupl Group?2 Group3
Category News No.| Category News No, Category News N
Bank and 297 | ICT 167 | Weather forecast 132
insurance
Tourism 253 | Art 152 | Religious 103
development assemblies & report
Mines and energy 25[1Educational 138 | Creativity work 45

coverage

Total 801 | Total 457 | Total 280

Table 4. 13: Categories in Group to Plan the Exp&ment
Comparing the three groups, 801 is the largest murobnews items. One of the aims of this
study is to see performance effect at increasingbar of news items. Hence, the first group is

not taken for the three categories experiment siakmg largest number from the beginning is
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not plausible. The next group contains medium nunabenews items; hence, it is sensible to

select for the three categories experiment.

For the six categories experiment, if the grouphvdimaller number of news added, the nine

categories experiment will have largest enough raermobnews items that complements with the

objective. Hence, Group2 and Group3 are takenhi®istx categories experiment and Group 1 is

left to be added in the nine categories experiment.

Finally, the nine categories experiment contaihsha& categories or all the Groups. As a result,

the experiment at the three levels with increasimgber of categories and news items are:

1. Three categories: ICT, Art and Educational coverage

2. Six categories: ICT, Art, Educational coverage Weatforecast, Religious assemblies and

reports, and Creativity work.

3. Nine categories: Bank and insurance, Tourism deveémt, Mines and energy, ICT, Art,

Educational coverage, Weather forecast, Religiasemablies and reports, and Creativity

work.

Table 4.14 summarizes the training and test daafeetthe three, six and nine categories

experiments.

Category Level | Training Set | Test Set| Total
Three 271 135 406
Six 454 224 678
Nine 975 488| 1463

Table 4. 14: Training and Test Sets at Three, Sixma Nine Categories Experiment
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4.9.2 Classification Using TF Weighting Scheme

The TF weighting scheme is based on the occurreftlee term in that news item. In a term

(rows) by news (columns) matrix, TF represent te# alue as depicted in Table 4.11. The

experiments on three, six and nine categoriesiaoeissed in Section 4.9.2.1 t0 4.9.2.3.

4.9.2.1 Classification for Three Categories

The experiment using three categories has been pwdedering the categories ‘ICT, Art and

Educational coverage’. The datasets for trainingjtesting are summarized in Table 4.15.

Class Name Class | Feature | News | Training set | Testset | Output
Label No. No. (66.67%) | (33.33%) %
ICT 1 9 122 81 41 0. 299
Art 2 10 148 99 49 0. 365
Educational coveraggé 3 15 136 91 45 0.336
Total 32 406 271 135 1

Table 4. 15: Datasets Summary for Three Categories

In Table 4.15, Output percentage (%) is one ofghmeter required to create LVQ network,

which is computed by dividing training set percegatédy 100.

Thirty two features have been identified for theethcategories as presented in Table 4.10 of
Section 4.7. Fifty one news items which do not aontany of the features in the matrix

generated have been removed. The reason for reqntviise records is that, if news item does
not contain any of the terms in the matrix; it amsly belong to other category. Because, manual

inspection of fifty news items indicates that areyms item contains at least one of the features.
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So, it is most likely such news items do not beltmghe categories considered; which may not

be identified during misclassification identificati.

The networks have been created and trained atumtavels of epochs. Evaluation has been

made and accuracy has been recorded for each Ep@th as presented in Table 4.16.

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000
Accuracy | 69.63%| 68.89% 68.89% 69.63p6 94.81% 68.89% 69.63%8968| 68.89%

Table 4. 16: Accuracy for Three Categories Using H Weighting Scheme at Various epoch Levels
Epochs with similar accuracy are discussed togdikeause in these epochs, it has been seen

that the misclassifications results and the wraasitggory assigned are the same.

100, 1500 and 3000 epoch$he same accuracy of 69.63% is obtained. In thesds, it has been
observed that the misclassified news items belongQT’ category. When analyzing, ‘ICT’
category have least number of training data antlifea as compared to the categories ‘Art and
Educational coverage’. All the news items of theegary of ‘Art and Educational coverage’ are

classified correctly, which have larger represevgan the training data.

500, 1000, 2500, 3500 and 4000 epachscuracy of 68.89% is registered. These expertmen
are similar to the above experiments. The onlyedéifice is, one news item that belongs to the
category ‘Educational coverage’ is misclassifiedAd’ category (which contains the highest

number of training data). The news item contaires wWord ‘mrgat’ (Y°C.#-1°) and ‘temari’

(‘-1""7¢’) that occurs in small number from 91 training datg6 and 11 times respectively).

2000 epoch:94.81% of accuracy is obtained, which is the besalt. In this context, most news

items are categorized correctly except seven ntamssi which are misclassified to the category
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‘Art’. As mentioned, the category ‘Art’ containsetthighest number of training instances in the
three categories experiment. Misclassified newsistand their feature with TF value at 2000

epoch is shown in Table 4.17.

No. Feature TF| Classin Test Data | Misclassified To
1| Eyer ;hfC) 1]ICT Art
2| mrmr @°CY°C) 11ICT Art
3| Temari (I"1¢) 3 | Educational CoverageArt

tmhrt ¢(F9°vCt) | 1] Educational CoverageArt
4 | Mrgat @°c#7) | 2| Educational CoverageArt
Temari (74) 1 | Educational CoverageArt
5| Temari ("7¢) 3 | Educational CoveragFArt
tmhrt ¢(F9°vCt) | 1] Educational CoverageArt
6 | tmhrt (F9°vC- ) | 1] Educational CoverageArt
7 | mrqat g°C#1) | 2| Educational CoverageArt
Temari (74) 1 | Educational Coverag}eArt
tmhrt ¢(F9°vCt) | 1] Educational CoverageArt

Table 4. 17: Misclassified News for 3 Classes Experent Using TF Weight Method at 2000 epoch

In the test dataset, the word ‘eyeh(Z’) is found in the news item that belong to theegairy
‘ICT’; but, the word ‘eyer’ (Af(") is the keyword for the category ‘Weather foretaduring
testing, the news item is classified to the catggArt’, which has the highest number of news,
wrongly. The news item in actual context belongshte category ‘Weather forecast’; but it is
misplaced in the category ‘ICT due to error. Thews item is not identified during

misclassification identification at the start.

The second misclassified news item contains thelWwarmr’(* 9°C9° (), which is keyword for
the category ‘Creativity work’. It may be due tastlambiguity that the news item is misclassified

to ‘Art’ category with the larger number of newsnts.
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It is also observed that, news item that containly the features ‘mrgat’ ¢°C.%-1*') and
‘temari’ (‘-1"“?7¢’) in the category ‘Educational coverage’ are dfesd wrongly to ‘Art’
category. The reason may be the features occumall s\sumber of news. Out of 91 training
dataset, the word ‘mrgat’ {°C.¥-1"’) occurs in 6 news items and the word ‘temaril¢?¢’)

occurs in 11 news items.

The other misclassified news item contains the worthrt’ (‘-F9°VC-1) with TF of 1. The
word ‘tmhrt’ (‘“F9°VCT) is the most important keyword for the categorgdticational
coverage’ but news items which contain the featitk frequency of 1 are misclassified to ‘Art’
category. The feature occurs more than one irhallnews items except the misclassified news;

this may be the reason of misclassification.

In all the experiments for three categories, wheerd is misclassification, the wrong category
assigned has the highest number of training datd. mAost misclassifications are due to all news
items misclassification in certain categories ex@J90 epoch experiment. This occurs when the
categories are not well represented by enough nuofbgibclasses (hidden neurons) according

to Umer and Khiya (2007).

4.9.2.2 Classification for Six Categories

The six categories considered are ICT, Art, Edocati coverage, Weather forecast, Religious
assemblies and reports, and Creativity work. Froensix categories, ‘ICT, Art and Educational
coverage’ are used in the first experiment. The tle®e categories are added for increasing

category and news number as the aim of the study see the effect on performance when
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category and news number are increased. Tablepfol8les summary statistics of datasets used

for training and testing.

Class Name Class | Feature | News | Training set | Testset | Output
Label No. No. (66.67%) (33.33%) %

ICT 1 9 122 84 38 0.185
Art 2 10 148 98 50 0.216
Educational Coverage 3 15 136 90 46 0.198
Weather forecast A 6 131 88 43 0.194
Religious assemblies

and reports 5 13 96 64 32 0.141
Creativity work 6 4 45 30 15 0.066
Total 47 678 454 224 1

Table 4. 18: Datasets Summary for Six Categories
The six categories have forty seven attributedlyotgifty nine news items which do not contain
any of the features have been removed. The resuiésting for the six categories are depicted in

Table 4.19.

Epoch 100 500 1000 1500 2000 2500 3000 3500 4P00
Accuracy | 61.61%| 61.61% 61.61% 61.61p6 61.61% 61.61% 61.61%6164| 61.61%

Table 4. 19: Accuracy for Six Categories Using TF \&ighting Scheme at Various epoch Levels

In these experiments, similar result, 61.61% ofuaacy, is registered for all levels of epochs.
Not only the accuracy, but also the misclassifaatof instances is the same for all the epoch
levels. Like the previous results, all the newshwamall number of news items in the training
dataset (ICT, Religious assemblies and reports Caedtivity work) are misclassified into wrong

categories with more number of news items and featu
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All the news items of ‘Educational Coverage and Wea forecast’ categories are classified
correctly. From the category ‘Art’, only one instanis misclassified to the category ‘Weather
forecast’. Observing the test data indicates, tesnitem contains the words ‘ertista:-L:0-1)

and ‘eyer (APC’). The feature ‘eyer &PC’) is the keyword for the category ‘Weather

forecast’. This may be the reason that the news i@sclassified to the category ‘Weather

forecast’.

The three categories, ‘Art, Educational Coverage WAreather forecast’ have more number of
news in the training data or more number of featuhan other categories, which is the reason
for the good classification result obtained in theee classes. Whereas, the misclassification of
all news items in the categories ‘ICT, Religiousemsblies and reports, and Creativity work’

dictates the lack of enough number of subclasséshvdan represent each category.

4.9.2.3 Classification for Nine Categories

The final experiments using TF weight method haserbmade for all the nine categories ‘Bank
and insurance, Tourism development, Mines and &nel@T, Art, Educational coverage,
Weather forecast, Religious assemblies and repartd, Creativity work’. The statistics of

datasets is shown in Table 4.20.

Sixty nine attributes are there for the nine catiego Seventy five news items which contain

neither of the attributes have been removed framtakal data.
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Class Name Class | Feature | News| Training set | Testset | Output
Label No. No. (66.67%) (33.33%) %

Bank and insurance 1 7| 294 196 98 0.201
Tourism development P 8| 247 165 82 0.169
Mines and energy 3 8| 242 161 81 0.165
ICT 4 9| 122 81 41 0.083
Art 5 10| 149 99 50 0.102
Educational Coverage 6 15| 136 91 45 0.093
Weather forecast 7’ 6| 131 87 44 0.089
Religious assemblies and

reports 8 13 97 65 32 0.067
Creativity work 9 4 45 30 15 0.031
Total 69| 1463 975 488 1

Table 4. 20: Datasets Summary for Nine Categories

The results of the experiment at the various epewtis are illustrated in Table 4.21.

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000
Accuracy | 62.09%| 62.3%9 61.48% 70.08% 62.3% 61.0/% 61.48% 964.861.68%

Table 4. 21: Accuracy for Nine Categories Using T/ eighting Scheme at Various epoch Levels

Except the 1500 epoch experiment, all the newssitetmch belong to the categories ‘ICT, Art,
Weather forecast, Religious assemblies and repartd, Creativity work’ are not classified
correctly. For the 1500 epoch experiment, all teevsiitems of the category ‘Weather forecast’
are classified correctly. The categories ‘ICT, ANeather forecast, Religious assemblies and
reports, and Creativity work’ those their news iteare not assigned to correct classes have the
least number of news data as compared to othegaréds considered. This is similar to what has
been observed on the three and six categories imgrdr The difference here is, the category
‘Educational coverage’ with less number of news1(I8ws items) than the misclassified
category ‘Art’ (149 news items) is among the catggo which its news items are correctly
classified. This may be due to the largest numlbdeatures (15) in the category ‘Educational

coverage’ as compared to all the categories.
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Most of the news items which belong to categorieth warger number of news items are
classified correctly, only some news items are lassified from these categories. These
misclassifications at the various levels of epoafesanalyzed and discussed below by observing

the data.

100 epoch:62.09% of accuracy is registered. At this expenitnall the news items of the
category ‘Tourism development’ are classified cctfge One news item is misclassified to
‘Tourism development’ in the category ‘Bank andurace’; the news item contains the features
‘mereja’ (‘ovl8’) and ‘faynans’ (4-£477v). The word ‘mereja’ (#rl.%") is keyword for the
category ‘ICT’; this ambiguity may be the reasomuéclassification to category with the higher
number of features, ‘Tourism development’. And ase news item in the category ‘Mines and
energy’ is classified to ‘Bank and insurance’ wrignyVhen the data is observed, the news item
contains the features ‘heyl &A’) with TF of 1, ‘bdr (“N£C’) with TF of 3, ‘EIEktrik’
(‘O HS) with TF of 1 and ‘bank’ (17#°) with TF of 1. The words ‘bdr’ (1£:C’) and
‘bank’ (‘A71") are the keywords to the category ‘Bank and iasge’ with higher TF sum value;

which may be the cause of misclassification.

One news item from the category ‘Educational coyeras misclassified to the category
‘Tourism development’, which is the second in thenber of news it contains (but exceeds the
first in the number of features). The news item taon ‘mrgat’ (‘¢°C.#-1°) and ‘temari’

(-1-“7¢’), which are words occur in few (6 and 11 respasti) number of news as described

earlier.

500 and 2000 epochsat these epoch levels, the same accuracy of 6B.38sulted. The results

of the experiments are similar like the 100 epagbeeiment. The difference is, the misclassified
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news item in the category ‘Bank and insurance’ asrectly classified; in this case, the

consideration of the word ‘faynans4¢.€.5"701’) may be the reason for the correct classification

1000 and 3000 epochs61.48% of accuracy is registered. Like 100 epaqbteriment, the same
result is encountered except the misclassificatbrmdditional three news items. These news
items belong to the category ‘Bank and insurancet twrongly classified to ‘Tourism
development’ category. When the news items arerebdeall the news items contain the word
faynans’ (‘4-£5770") only. The presence of only one feature may be tause of

misclassification.

2500 epoch: at this experiment, 61.07% of accuracy is reggste The result is similar to the
experiments at 1000 and 3000 epochs but two additimisclassifications. These news items
with the word ‘qrs’ (PCY’), belong to the category ‘Tourism Developmentt misclassified to
the category ‘Mines and energy’. The news itemgaiaronly one feature ‘qrs’ C0’); hence,

it may be the motive to be misclassified into th@nyg category. The other difference with the
1000 and 3000 epochs experiments is, the three wétvshe word ‘faynans’ @-.£577') in the
category ‘Bank and insurance’ are misclassifiedh® category ‘Tourism development’ in the
1000 and 3000 epochs experiment; but, in this dhsy, all are misclassified as ‘Mines and

energy’ category, which is the third largest in thienber of news items that it contains.

3500 epoch:61.89% of accuracy is resulted at this experimémo news items with the word
‘ars’ (‘PC), like 2500 epoch experiment, are misclassifibdt, in this experiment they are
misclassified to the category ‘Bank and insuranegiich have the largest number of news items.

As of experiment 100 epoch, the news item withfdaures ‘heyl’ (0.&A’) with TF of 1, ‘bdr’
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(‘N1L=C) with TF of 3, ‘ElEktrik’ (‘ hA0-1¢1) with TF of 1 and ‘bank’ (1777) with TF of 1,
is misclassified to ‘Bank and insurance’ while @éidings to the category ‘Mines and energy’. And
similar to the 100 epoch experiment, one news itenthe category ‘Educational coverage’

misclassified to the category ‘Tourism development’

4000 epoch:61.68% of accuracy is achieved for this experim@rte additional news item is
misclassified compared to the above experiment03&0och. This news item contains the
features ‘mereja’ ¢»48’) and ‘faynans’ (4-£5°7(v') belonging to the category ‘Bank and
insurance’ but misclassified to ‘Mines and energgtegory, which has the third highest number
of news items. The other misclassifications areilamto the above experiment except the news
with the word ‘qrs” (CO’) are misclassified to the category ‘Mines andrggklike the 2500

epoch experiment.

1500 epoch:In the nine categories experiment, the best acguréd.08%, is registered at this
epoch. In this context, the improvement in accuriacyue to the correct classification of all the
news items of ‘Weather forecast’ category. Excep tifference, the same thing is resulted in

this experiment like the experiment at 2500 epoch.

Like three and six categories experiments, wrornggmaies assigned have larger number of news
items or larger number of features. And most mgsifecations are due to all news items
misclassification in certain categories; this ditwa is due to lack of enough number of

subclasses in categories as described in thresiaigdtegories experiments.

85



4.9.3 Classification Using TF*IDF Weighting Scheme

After TF weight method is experimented for the &reix and nine categories, the effect of

TF*IDF weight method is seen for same numbers tdgaries.

Like TF weighting scheme experiments, using theesdatasets and categories, experimentation
is held for TF*IDF weighting scheme for three, sind nine categories. Table 4.22 shows

accuracies registered at various levels of epoxpsranents.

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000

3 Classes| 69.63%| 62.22% 65.19% 69.63P6 65.19% 65.19% 65.19%6360| 62.22%

6 Classes| 57.78%| 70.229% 78.22% 57.780% 57.78% 58.22% 72.89%78%7| 57.78%

9 Classes| 62.09% 62.3% 61.48% 68.03% 62.3% 62.83% 62|3% 54.5162.3%

Table 4. 22: Accuracy Using TF*IDF Weighting Schemat 3, 6 and 9 Classes at various epoch Levels
As TF weight method, TF*IDF discussion is based emochs with similar accuracy result.
Experiments which resulted similar accuracies hheesame instances of news misclassified and

of course the wrong category assigned is the samallfthe experiments with similar accuracies.

The analysis for the TF*IDF weight scheme is préseérior the three, six and nine categories

experiments as follows.

4.9.3.1 Classification for Three Categories

In these experiments, it has been observed thélhelhews items in one of the three categories
are misclassified. In 100, 1500 and 3500 epocheraxents, all news items of ‘ICT’ category
are not assigned correctly; in 500 and 4000 epegpsriments all news items of category ‘Art’

are not classified correctly; and all the news lué tategory ‘Educational coverage’ are not
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assigned to correct category in 1000, 2000, 25@03800 epochs experiments. Most of the news
items in two categories under each experiment kssified correctly except some, which are

discussed below.

500 and 4000 epochsAn accuracy of 62.22% is resulted at these expmrim1 Here a different
result is obtained. All the news items of the catgdArt’ are misclassified. But it is the category
with the largest number of news items. In additiorArt’ category news items, there are two
‘ICT’ category news items which are classified wghn One contains the word ‘eyer4?C’)

and classified to the category ‘Educational covetacfAs discussed in three categories
experiment using TF weight method, the word is Kegyword for the category ‘Weather
forecast’. But the news item is categorized to “ICategory in the test data due to error. Hence,
the news item is misclassified to ‘Educational cage’ category with the largest number of
features during testing. The other news item costéine word ‘mrmr’ (9°C9°C’°), which is
keyword for the category ‘Creativity work’. It mde due to this ambiguity that the news item is

misclassified to the category ‘Educational covetaghich has largest number of features.

1000, 2000, 2500 and 3000 epochfn accuracy of 65.19% is registered at these exyaris.

All the news items of ‘Educational coverage’ catggahe second larger in the number of news
items, are misclassified. In these experiments,nines items which contain the word ‘eyer’
(‘APC’) and ‘mrmr’ (‘9°CI°C) are misclassified like experiments in 500 an@@@pochs. The
only difference here is the category assigned id’,’Avhich has the largest number of news

items.

100, 1500 and 3500 epoch$9.63% of accuracy is registered, which is the besult for the

three categories experiment using TF*IDF weighthuodt In this experiment, all the news items
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which belong to ‘ICT’ category are misclassifiechi§ category is with the least number of news
items than other categories. All news items indaegories ‘Art and Educational coverage’ are

classified correctly, which are the first and tke@nd in the number of news items they contain.

For two epoch level experiments, all the news itemtie category ‘Art’ with the largest number
of news items are misclassified. And for three égotevel experiments, all news items in
category ‘ICT’ with the least number of news iteare misclassified. And four level epochs
experiments resulted in the misclassification df rws items in the category ‘Educational
coverage’ with the second larger in the number ef/s1items it contains. In all the cases, all
news items are misclassified; which indicates thiegories are not well represented by enough

number of subclasses like all the above TF weigthod experiments.

4.9.3.2 Classification for Six Categories

The experimentation for the six categories expenimesing TF*IDF weight method results the

following.

100, 1500, 2000, 3500 and 4000 epoclsr: these epoch levels, least accuracy of 57.78% i
registered. Except news items of ‘ICT’ category,tlaé news items of categories with the least
number of news items are misclassified. These dwe&ional coverage, Religious assemblies
and reports, and Creativity work. Additionally, teeare two news items from the category ‘ICT’
which are misclassified to ‘Weather forecast ant éategories. The first news item contains the
feature ‘eyer’ (AfC’), which is misclassified to ‘Weather forecasttegory. The feature ‘eyer’
(‘hPC) is the keyword for the category ‘Weather forgtais may be due to this fact that the

misclassification occurs. As described in threeegaties experiments (500 and 4000 epochs),
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this news item is contained in the test data off'I€ategory due to error, which is not identified

in misclassification identification of news duriimgtial preprocessing of news items.

The second news item with the word ‘mrmr{C¢°C’°) is misclassified to ‘Weather forecast’
category in 100 and 1500 epochs experiments andrtocategory in 2000, 3500 and 4000
epochs experiments. The category ‘Art’, with latgasmber of news items, is assigned wrongly
three times in 2000, 3500 and 4000 epochs butategory ‘Weather forecast’ assigned wrongly

two times in 100 and 1500 epochs.

500 epoch:An accuracy of 70.22% is resulted for this expeni All the news items of the
category ‘Art’ (largest number of news items) a@i€ativity work’ category (least number of
news items), are classified to wrong categoriedi##d@hally, there are two news items which are

misclassified like the above experiments, spedlficE00 and 1500 epochs experiments.

2500 epoch58.22% of accuracy is recorded at this experimdite same result is obtained like
the 100, 1500, 2000, 3500 and 4000 epochs expesnescept, the misclassified news item in

the category ‘ICT’ with the word ‘mrmr’ §*C9°(°) is classified correctly.

3000 epochi72.89% of accuracy is registered here. All thesigams in the category ‘Creativity
work’ with the smallest number of news and ‘Eduma#l coverage’ category with the third
smallest number of news items are misclassified.ditthe news items in the category of ‘ICT,

Art, Weather forecast, and Religious assembliesrapdrts’, are classified correctly.

1000 epoch:The best accuracy of 78.22% for the TF*IDF weigtgthod in the six categories
experiment is registered at this epoch. Here, tadl news items in the categories ‘Religious

assemblies and reports, and Creativity work’ witle tleast number of news items are
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misclassified. From the categories ‘ICT, Art, Ediimaal Coverage and Weather forecast’, which

have the largest number of news items, only twosnd#gems are misclassified. The two news
items belong to the category ‘ICT’. The first onentains the feature ‘eyer’ 4¢C’) and the
second contains the feature ‘mrm{CY°C’) as described in 100, 1500, 2000, 3500 and 4000
epochs experiments. In this experiment, they aselassified to the categories ‘Weather forecast

and Educational coverage’ (largest number of fegfurespectively.

The misclassification of all news items due to latkenough number of subclasses in certain
categories also appear in the six categories erpets using TF*IDF weight method. The
misclassified news items assigned to categories Margest number of news items or features in

most cases like the TF weight method experiments.

4.9.3.3 Classification for Nine Categories

The following parts discuss the results for theergzategories experimentation.

100 epoch:The same accuracy of 62.09% is resulted like the nategories experiment using
TF weight method at the 100 epoch. The differeneee hs, the misclassified news (all news)
items are in the categories of ‘ICT, Art, Educatibooverage, Religious assemblies and reports,
and Creativity work’. In the TF experiment, all nrewtems of ‘Weather forecast’ category are
misclassified instead of the category ‘Educatiocalerage’. Only two news items are
misclassified in the categories ‘Bank and insurafaarism development, Mines and energy,
and Weather forecast’ which contain the largest emof news items with the exception of

‘Weather forecast’ category.
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In both TF and TF*IDF experiments for the nine gatges, there are two similar misclassified
news items in the categories ‘Bank and insuranoe Mines and energy’. The first news item is
with the features ‘mereja’ 04.%") and ‘faynans’ (4-£5°70') and the second one is with the
features ‘heyl’ (V.£A"), ‘bdr (' NLC), ‘EIEKtrik’ (* AANTL7) and ‘bank’ (‘A71°). The first
one, in this case, is misclassified to the categdiges and energy’, third largest in the number
of news items; in the TF experiment it is miscléedi to ‘Tourism development’ category,
second largest in the number of news items. Thenskone is classified wrongly to the category
‘Bank and insurance’ like the TF experiment. Thesgible reason of the two news items
misclassification is discussed at 100 epoch exparinfor the nine categories using TF weight

method.

500, 2000, 2500, 3000 and 4000 epoclas. of the nine categories experiment in TF weight
method at 500 and 2000 epochs, the same accurd&id.3%o is registered at these experiments.
In these experiments, similar result is registeligd the above experimentation except the
misclassified news item in the category ‘Bank amslirance’ is correctly classified as mentioned

in the nine categories experiment at 500 and 2p0ales using TF weight method.

1000 epoch:here again similar result with accuracy of 61.48%ecorded like 1000 and 3000

epochs experiment for the nine categories expetingng TF weight method.

Similar result is seen by observing the test dikiathe 100 epochs experiment of this section.
But, three additional news items belonging to thetegory ‘Bank and insurance’, are
misclassified to the category ‘Mines and energlyird largest in the number of news items it

contains. These three news items are the samel@@f and 3000 epochs experiment for the
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nine categories using TF weight method exceptigmdase they are misclassified to the category

‘Tourism development’, second largest in the nundferews items it contains.

3500 epoch:Least accuracy of 54.51% is registered. All thevsreétems of the categories
‘Tourism development, ICT, Art, Religious assembli@nd reports, and Creativity work’ are
classified incorrectly. With the exception of ‘Taam development’ category, all the categories
contain less number of news items. From the othtzgories, ‘Educational coverage, Weather
forecast, Mines and energy, and Bank and insuranog two news items are misclassified. One
news item belongs to the category ‘Bank and insteabut misclassified to ‘Weather forecast’
category. The other one is in the ‘Mines and enecgiegory but ‘Bank and insurance’ category
is assigned wrongly. The first news item is witle fleatures ‘mereja’ ¢vl.%’) and ‘faynans’
(‘4-£5°70r'); and the second news item contains the featuneseja’ (‘e»d.8), ‘heyl’ (‘ ULA’),

‘bdr’ (‘"NLC") and ‘EIEKtrik’ (‘ AA0-1¢).The discussion in 100 epochs nine categories TF

weight method experiment, can be applied herehi@two news items.

1500 epoch: Best result with an accuracy of 68.03% is achiewedthe nine categories
experiment using TF*IDF weight method. All the nelteans of the categories ‘Art, Educational
coverage and Creativity work’ are misclassified.dM6 news items are misclassified from the
categories ‘Bank and insurance, Tourism developméimes and energy, ICT, Weather forecast,
and Religious assemblies and reports’. Observatidhe data reveals that the possible reasons

of misclassification are similar to the above expents.

Like all the experiments, the nine categories erpemts are the same in that all news items of

certain categories are misclassified whereas \@wdr none misclassifications occur in the other
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classes. The all news items misclassification mage categories resulted due to lack of enough

number of subclasses for those categories as mentiearlier.

4.9.4 Comparison of TF and TF*IDF Weight Schemes Rsilts

The results of experiments using TF and TF*IDF weigchemes show the reasons of
misclassifications are similar in most cases. foisnd that news items which are not classified
correctly in TF weight method also found to be faissified in the TF*IDF weight method. For
example, in nine categories experiment at 100 gpochoth TF and TF*IDF weight methods,
two misclassified news are exactly the same. Tist fiews item contains the features ‘mereja’
(‘evl%’) and ‘faynans’ (4-£5700) and the second news item contains the featuney!”
(VLA), ‘bdr (‘ NLC), ‘EIEKtrik (¢ AAN-T47) and ‘bank’ (07#) in both TF and TF*IDF

weight methods.

Though there exists the fore mentioned similamwtye method register better accuracy than the
other by varying epoch. The difference in accuracyue to the switching of the correctly
classified and the incorrectly classified news geof categories. For instance, in six categories
experiment, 61.61% of accuracy is recorded, whicthe least accuracy for TF weight method,;
the misclassified news items belong to the categdiCT, Religious assemblies and reports, and
Creativity work’. In contrary, for the TF*IDF weighmethod, best accuracy of 78.22% is
recorded at this experiment. The difference hereghis news items in the category ‘ICT are

among the correctly classified news items exceptriews items.

Table 4.23 shows the best accuracy scored in tehe@nd nine categories experiments and the

average accuracy using the TF and TF*IDF weightiods.
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Classes| News No Accuracy
TF TF*IDF
Three 406 94.81%| 69.63%
Six 678 61.61% 78.22%
Nine 1463 70.08% 68.03%
Average 75.5% 71.96%

Table 4. 23: Accuracy at Increasing No. of Classesd News Using TF and TF*IDF Weight Schemes

From Table 4.23, it can be observed that in theetlwategories experiment, TF weight method is
better than TF*IDF weight method by 25.18%. But tbe six categories experiment TF*IDF
weight method is better than TF weight method by1% than TF weight method. The result of
nine categories experiment testifies that TF wergbthod scored better accuracy than TF*IDF
weight method by 2.05%. The average of all the erpnts indicates that TF weight method

registered better accuracy by 3.54% than TF*IDFgiwemethod.

The main performance difference between the twamteig schemes happens because of the
range of values in the weighting schemes. In thiasgds, TF weight value is between 0 and 5 and
TF*IDF weight value is in the range of 0 and 45isThffects the classifier accuracy. Because,
according to Thulasiraman (2005), it is recommenddthve maximum value of 1 and minimum

value of -1 for the input pattern of LVQ algorithithis seems plausible for the greater accuracy

result of TF weight method than TF*IDF weight medho

4.9.5 Performance at Increasing Number of Categorseand News

As depicted in Table 4.23, using TF weight methbd best accuracy is registered at three
categories experiment. The least accuracy is redoad the six categories experiment. The nine

categories experiment, resulted accuracy lower tharthree categories but higher than the six
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categories experiment. Hence, we can say thantirease in the number of categories and news

are not the determinant factor for the decreagedbrmance with regard to the LVQ algorithm.

Based on Table 4.23, least accuracy for the TF*MEight method is scored in the nine

categories experiment with less (1.6%) differentehie three categories experiment. The best
accuracy for this weighting method is recorded he six categories experiment. The three
categories experiment resulted in the second loestacy. Like the TF weight method, it can be
said that the increase in the number of categamelsnews items are not the major factors in the

reduction of performance using LVQ algorithm foe thmharic text classifier.

The above description is the effectiveness aspécpeoformance based on the accuracy
registered. When performance is seen from effigigrerspective, there is an impact as the size
increases both in category and number of news itBusng training, it has been observed that
the time required for getting the output of tharirag increases as the number of news items,

categories and features increases.

4.10 Discussion

The text news classifier for Amharic is based ogppocessing made for selecting features which
can represent news. Tokenization produces the sogenerated from each news item. But the
number of tokens is too huge, 5129, to be usee@asifes, which is computationally intensive.
As a result, preprocessing methods such as stog amad number removal, and stemming are
made which together helped to reduce the numbeiokdns by 1881 or 36.48%. Even if
substantial amount of reduction is achieved byptteprocessing, still the number of tokens is too

large, about 3258. Hence, dimension reduction uBiogument Frequency (DF) thresholding is
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applied and final tokens which can be used as ffeatare selected. Using dimension reduction
technique 80 features are identified when the nusmbkfeatures are summed; but that becomes
69 when the features are merged to form matrixyekection is due to common features. Here,
the matrix generated is using the features andanid=TF*IDF value of each feature that is fed to

LVQ learning algorithm.

The important thing that is noticed in this studyunavailability of standard tools which can be
used to preprocess Amharic documents. If standeddszemmer and stop word list are ready, the

result of this study testifies that considerablduion of features can be reached.

After matrix is generated, experiment is carried asing TF and TF*IDF weight method. The
results of the experiments witness that TF weighthod is better than TF*IDF weight method
by 3.54% when the average of the three, six an@ waiegories experiments is taken. As
indicated, LVQ works better in a situation whenuhpatters are normalized between -1 and 1
according to Thulasiraman (2005); which may ber#heson why TF outperform than TF*IDF.
The normalized data has to be tried after the rata & tried, which is the view followed in this
study by considering Russell, Eberhart and Shi7280ggestion. The raw data is tried and time

limitation inhibits to try the normalized one.

As indicated in the analysis of all experimentssinaf the misclassifications occur in all news
items which belong to a certain category. To cjarin example is taken from the nine categories
experiment using TF*IDF weight method at 100 epo&h.the news items belonging to the
categories ‘ICT, Art, Educational coverage, Religicassemblies and reports, and Creativity
work’, are misclassified. Where as only two nevesns are misclassified in categories of ‘Bank

and insurance, and Mines and energy’. And all teevsnitems of the categories ‘Tourism
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development and Weather forecast’ are classifiadectly. The misclassification of all news
items in certain categories and the correct classion of all or most news items in certain other
categories is the problem of assigning enough numobehidden neurons or subclasses for

categories that their news items are misclassified.

The hidden neurons determine the number of sulBdassubclasses are the classes which
transform input data to target. If each categoryas well represented by enough number of
subclasses, its news items are misclassified siegory with the highest number of instances or
with the highest number of features according t® study. The categories those their news items
are not totally classified correctly are, categotieat are not well represented by subclasses or
may not have subclass representation at all. Hema#assification of Amharic news using LVQ
algorithm, not representing each class with enaughber of subclasses is the major reason for

misclassification rather than the number of categoaind news items.

Self Organizing Map (SOM) learning method may inygrahe problem of hidden neurons
(subclasses) number according to Khalifa and e{2804).Both SOM and LVQ are first created
by Kohonon, SOM is used in unsupervised manneseterthine clusters. Whereas, LVQ works
in a supervised manner; after subclasses are dasamwhich transform input data to the
defined targets. Hence, the clusters obtained byl #0unsupervised manner can be used as an
input in creating LVQ network for the determinati@f the number of hidden neurons

(subclasses).

In this study, it is found that keywords in oneeggiry may be found in another category; which
iIs one of the reasons for misclassifications. Bangple, the term ‘mrmr’ ¢°C9°C’) is the

keyword for the category ‘Creativity work’ but isdnd in the categories ‘ICT and Educational
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coverage’. If feature representation is based oragghor ontology, each category may be
represented and discriminated well than the wonelldeatures. Phrases can discriminate
categories than mere words are used. And use aiogyt enables to define concepts and
relations representing knowledge about a particddaument in domain specific terms according

to Paralic and Kostial (2004).
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CHAPERT FIVE

CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

The size of electronic documents is increasing ftone to time at an alarming rate. The issue in
this digital age is, how can we make use of the resn the massive available information?
Various researches have been conducted in diffearentexts to devise techniques which can
enable to change threats into opportunities, ia taise for wise use of information instead of

information overload.

News items are among the information produced asplatched electronically; growing in size
as time goes on around the globe. Ethiopia is ro¢@ional; in that, there are lots of electronic
news items created and distributed. As the sizaesis items increase, utilization is affected
badly unless countermeasure is taken to maximideation. Classification is one of the
methods that can be employed to organize informdio effective and efficient use. Manual
classification is hardly possible with the incrddilincrease in the volume of data; as a result,
automatic classification is very important areare$earch specifically for Amharic since the

language is technologically unfavored. This redearork contributes on this regard.

Preprocessing, classifier construction or buildiagd testing are the major steps for the
accomplishment of this study. Preprocessing tha gatvorked out before the datasets are fed
into the learning algorithm, Learning Vector Quaation. The final goal of preprocessing is to

produce a term by news matrix.
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For feature preparation, stemmer, stop word andoenmemoval systems are developed. Using
such preprocessing methods, significant reductiofeatures is achieved which are believed to
be less important. The final features are selebieapplying dimension reduction technique

called Document Frequency (DF) thresholding.

The importance of features is indicated using tweighting schemes, TF and TF*IDF.

MATLAB accepts matrix data arranged in a row byucoh fashion; hence forth, matrix has been
generated that contains features as rows and newslamns and weight results as cell value.
Since the experiment is undergone at increasing lefwcategories (three, six and nine) and using
TF and TF*IDF weighting schemes, matrices have lgamerated and saved as CSV (comma
delimited) file format for both weighting schema&se CSV files have been imported and trained

using LVQ neural network algorithm.

This study tried to see the potential applicatidr_earning Vector Quantization to automatic
classification of Amharic text news. Under this uglla, effectiveness of text news classifier at
increasing level of categories and news items reen linvestigated using TF and TF*IDF

weighting methods. The concluding remarks for stigly are bulleted here under.

* The stemmer reduces the size of features by 28afi6h is the largest reduction than other
preprocessing methods. Stop word removal redueesizle of features by 2.01% and, 1.89 %
features are reduced by using number removal sysldra combined effect of all the
preprocessing reduces the size of the features6B¥8%; which is considerable reduction.
After all these reductions, Document Frequency (DF@sholding is applied and only 2.12%
of the features are used for the experiments. Tdraraer and stop word removal systems are

not complete. All affixes are not incorporated e tstemmer developed and all stop words
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are not included in the stop word removal systetme Tnavailability of such systems for
Amharic preprocessing purpose poses its own probtemhis Amharic text classification

study.

The best accuracy using TF weighting scheme has dlgiained at three categories, which is
94.81%. The least accuracy recorded for TF weighscheme has been scored at six
categories, which is 61.61%. On the other hand,TiefIDF weighting scheme, the best

accuracy recorded at six categories that is ab8W2% and the least accuracy has been

obtained at nine categories that accounts to 68.03%

Misclassified news items are mostly similar in bdth and TF*IDF weighting schemes. But,
TF weighting scheme is better in accuracy than DFlweighting scheme by 3.54% on

average from the three, six and nine categoriesr@rpnts.

When there is misclassification, news items areclassified to categories with larger number

of news items or with larger number of featurebath.

In misclassifications, all news items of certaitegaries are misclassified and only very few
news items or none are misclassified from certaiverocategories in the both the three, six
and nine categories experiments. The all newssitensclassifications in certain categories
is due to the problem in representing those categjarith enough number of subclasses
(hidden neurons). For categories that are wellesgted with enough number of subclasses
(hidden neurons), very few or none misclassificgagiare resulted. Thus, the result obtained
testifies that classification accuracy is not deieed by the number of news and categories

for both TF and TF*IDF weighting schemes using L¥(@orithm, rather the representation
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of each category with enough number of neurondiésmajor reason for the decrease in
accuracy. On the contrary, previous researches mhafic text classification, shows that

continuous decrease in performance as the numbyeaves and categories increase.

e This study shows that Learning Vector Quantizattan be employed to automatic Amharic
text classification but an integration of standprdprocessing techniques is crucial. Besides,
clustering datasets before submitting to classifietps to define optimum number of

subclasses (hidden neurons) for each category.

» Confusing words that occurs in more than one cayegffect classification performance

negatively.

* In the course of training using LVQ algorithm, stfound that computational time increases

as the number of news items, features and catesgodesases.

5.2 Recommendations

This study aims to see the potential applicationAafharic text news classification using
Learning Vector Quantization and it is possiblednstruct classifier using LVQ-neural network
algorithm. But the accuracy obtained has to be awgd. The recommendations given revolve
around improving accuracy, facilitating Amharic texassification, or untouched problems

related to text classification for Amharic contextd recommendations for the agency, ENA.

Stemmer: Standard stemmer that can be applied on Amharvitakto decrease feature size. The
result obtained on this study is encouraging irucaty the size of features by applying stemmer.

If standard stemmer is available, it can play greé¢ in the reduction of features as a result
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computational complexity can be decreased and tefésccan be enhanced. Hence, there is a
need to investigate on Amharic stemmer that woelg o develop standard Amharic stemmer.
Prior to stemming, actually there is a need tosiep word removal system. In this study, very
few news specific and language specific stop wargsidentified, using these stop words good
result is obtained. If complete stop word list regared for the domain considered, that again

have an important positive effect on reducing filae sf the features.

Spell Checker: Spelling error multiplies features by forming éifént features for the same

word. As a result, spell checker researches aengakfor guiding the development of Amharic

spell checkers. In addition to spelling errors, sodmharic words can take varying forms due to
the presence of varying Amharic characters but wiithilar sound. Here, the recommendation is
extended to Amharic language experts; to deviséear cule on the use of those characters.
Compound words and abbreviations are also writtervarious forms; hence, the language
experts again recommended on standardizing the coeypound words and abbreviations are

written.

Dimension Reduction: In this study, Document Frequency (DF) thresholdisgused as a
method of dimension reduction of features; othematision reduction techniques like

Information Gain (IG), ¥-test (CHI), etc can be used for reducing the sfAeatures.

LVQ: In this research, only LVQ 1 has been used dua@rte constraint. According to Neural
Demuth and Beale (2004), applying LVQ 2.1 afterlgipg LVQ 1 may improve performance.
Hence, this is one of the recommendations to impamcuracy. LVQ works better when the data
is normalized between -1 and 1 according to othatliss; hence, researching on normalized data

is another recommendation for improving accuracy.
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Subclass Determination: The determination of subclasses is not done ushgtering

algorithms in this study. Hence, clustering aldoris like Self organizing Map (SOM) can be
used to find the number of subclasses (hidden meyirthat can be used as an input in the
parameter setup for creating LVQ network. The abe&lustering algorithms enables to use
appropriate number for subclasses so that eaclyargtés represented with enough number of

neurons for better classification.

Corpus Preparation: In other languages, it is very common to preparpus for research
purpose; unfortunately, we are not lucky for nowihg standard corpus for Amharic text
classification, as to the researcher’s knowledgesearchers can devote much time on their work
if standard corpus is prepared for Amharic clasatfon experiments like ‘Reuters-21578’ for

English.

Feature Preparation: The features that can represent categories aetedlusing words in this
study. But confusion occurred when the words ammon across categories that resulted in
misclassifications. Hence, there is a need to @ulersearch on text classification that considers

features selected based on phrases or using optolog

Classification Types:The data on ENA SQL server exhibit hierarchicahature. As far as the
researcher’'s knowledge, this problem is not re$eardor Amharic. So, this is potential area of
research. And some news items in ENA reveal theacheristics of more than one class. But
ENA uses only single-label classification scheme, B is recommended for ENA to start
implementation of multi-label classification scheseethat the true characteristics of news items
are exhibited. This also helps researchers to godstudy on multi-label classification of

Ambharic news.
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ENA: Manual classification is used in ENA till now. Thesults of Amharic text news
classification researches are promising. Hence, tbenpany shall start to think the

implementation on automatic classification for Ambaews.

Other Domains: As to the knowledge of the researcher, Amharit téassification is still tried
on news items text only. Other areas, like clagsifyresearch papers’, can be researched for

Amharic documents.
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Appendix 1: Interview with the ICT Coordinator of E NA

. How news are created in ENA and distributed fodesg?

. In what manner the data are stored? What amouddtafis available? If anything else related
to the data, would you mined to elaborate?

. Currently, most organizations are becoming famiéh information technology. What kind

of technology do ENA use for managing news? Fortywhgpose the use is/are?
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Appendix 2: Amharic Characters (‘Fidel’)- &£ (Zelalem, 2001)

Order Labialized

lst | ~nd | z;[{l | 4th | qth | 6m | 7th
e - -

v hatv~hu ¥ hi ¥ ha Yhe vh W ho

A lialu Al Ala Al Al & lo 2, 1"a

«h ha dhu h hi hha dhe mh & ho

oo mi ovmu Y4 mi “Tma “tme ' m 9° mo ~Im”a
oG meogu M si Mlsa YLse A~s ¥ oso

(tH $1u 4 oriodeta e L1 (10 Zra
N siMksu A si A4sa mse s 0O so A sVa
N S kSu & 9sa M TS 0o 35%a
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+ qikqu & qi Pqu g Pq ¢ qo|R"i +qi Rg%a ®| Y% +q'c

1 bi(kbu (Lbi Qba (Lbe A1 b 0 bo 0, b*a
T ti -k tu Tt At bte Tt A to -k {¥a
P Beu B ¢ #F ca Bee T ¢ Feo T &a
1 hi“rhu "Lhi »ha "the “4 h <ho |=wh™ -lh" Ah% & h% -1=h"e
Y ni*nu %ni Sna e 7 n §no “n"a
WoniTRnu Lol na Lne i %io Gi'a

A ahu Ai1 Aa he & ¢ ho

@M wi wy Pwi Pwa Ewe @ w Pwo

0 a ocu %i %a %©e 0 ¢ Po

hki hko hki hka ke 9 k bko |[fek™ ki fk'a 4k (k"

Mhi "Thu "Mhi ™Mha “he W h “fiho

Mzi Ikzu I.zi Mza Ibze MU z HNzo 4, z%

Wz MeZu Mzi MWia Mie Wz M Zo

Pyi fyu fyi Pya feye Ly fyo
7

i8]

o J

Tgi kgu Lgi Pga bge g hgo |Pbgd Tegi Aga pgle Mg 0
Ldi Sdu S di 4da Lde £d Ado & d%a

Pgi ®su 8 ¥z Cge Pz Fgo

Mt avtu ot Mta awte Pt Mo a,t"a

6DLCE 6BCéu 6B Méa eRiwée B ¢ 6éo 6 ¢ Ma

Asi Asu Asi Asa Ase As  Aso s a

Osi  desu Lsi 9sa TLse oOs  Pso
Api &pu Api &pa Ape &Xp Z&po
bfi $fu &fi 4fa dofe &®f &fo 4z £ a
Tpi 'Epu ‘LLpi Jpa Lpe Tp Zpo

fNvi vu Mvi 9va fhve -Av 0 vo
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Appendix 3: Amharic Punctuation Marks (Atelach, 20®@)

No. Punctuation mark Symbol Purpose

1 The four dots or double colon | : Mark end of a sentence

2 Colon Separate words in a sentence: not
common

3 White space Separate words in a sentence:
current practice

4 Question mark ? Placed at the end of questions

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

6 Comma H Used like comma

7 Semi-colon B Used like semi-column

8 Three dots For deliberate omission of words,
phrases, or sentences

9 Quotation marks W Used at the beginning and at the
end of quoted word, phrase, etc

10 | Parenthesis () To enclose elaboration

11 | Stroke / Separate date, month, etc.

12 | Mocking mark : Placed at the end of mocking

sentence
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Appendix 4: Amharic Numbers (Zelalem, 2001)

-1 S

— WD Lo

il

J=3 =y 2

LT I ]
=

50
60

116

H D05 18

é

]%] b g = J



Appendix 5: Amharic Script Translation to Latin Script for Preprocessing

Purpose

v he 4 ru [ Vi (S Na
Qa le 0 su 1 ti A a
h He (2 Xu T Ci h ka
o me 42 qu L “hi k( Ha
w ‘se (- bu 1, ni P wa
l re - vu "L Ni 9 ‘a
0 se I tu A. [ Y za
] xe g cu n, Ki W Za
+ qe “+  "hu 0. Hi e ya
n be r nu P wi 4 da
n ve T Nu % i z ja
T te he u I, zi ) ga
T ce 0 ku W, Zi a) Ta
1 ‘he N Hu 2. Vi sk,  Ca
7 ne a, wu 4. di A Pa
42 Ne 0 "u ) ji H Sa
h e H- zu 2 gi 9 ‘Sa
n ke 4l Zu m, Ti 4- fa
] He £ yu s, Ci T pa
o we 9- du A Pi A hE
0 ‘e L3 ju A Si Qa, IE
H ze *+ gu 1 'Si h HE
w Ze m:- Tu é» fi 7 mE
g ye ol  Cu T2 pi o 3 sk
£ de o Pu 7 ha b rE
e je . Su q la 0 sE
1 ge 0- ‘Su h Ha (8 XE
m Te 4« fu -} ma ¢ qE
o, Ce F pu 2y ‘sa 0 bE
A Pe A hi & ra Y vE
A Se Q, li q sa + tE
0 ‘Se A, Hi q xa F cE
é. fe . mi > ga b hE
T pe vy, 'Si q ba A nE
v hu 4 ri q va Z NE
Q. lu A, Si B A ta h E
d Hu [0 Xi > ca h KE
ov.  mu ¢ qi > “ha ™ HE
w. su (. bi q na ?® wE
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BENNE AT AT T AN I HF S VAUV YFDCH PR EPIINNRTZES

(2 Lb

T = W T Hd4Q =S a< NN _-
rr|”"l.({.l’r|-||-|-|r?.rnrn""'rnrnrnrnl"'I

OHdQ@ " Qa< NN LS IX—-Z3 40 *<oTaQXxXw= 3T I

R FP YA I I RR PI T oM TIARNLRFADHADIANETIS AT

IWa

“sWa
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rwWa
sWa
xWa
gqWe
bwWa
vWa

cWa
hWe
nWa
NWa
kWe
zWa
ZWa
dWa
jWa
gWe
TWa
CWa
PWa
SWa
fWa
pWa
qwu
hWu
kWu
gWu
gqWwi
hWi
KWi
gWi
gqWa
hWa
kWa
gWa
qWE
hWE
KWE
gWE
ea

N— —~ *o\om.:n:l

OCO~NOUPMWNREFRPO ! VAY™—1 4+

O e

~ * 1
— XA H

CO~NOUTURNWNROI!I VAT —1 4+



Appendix 6: News Items Major and Sub Categories ifENA

ID. | Category Category Description Category Description in Parent
Code in Ambharic category
Amharic

2|07 Sport N"Cr No
3| m Health ms No
4| Education T9°VCT No
5|7 Politics 7 0-h No
6| 7 National Politics Nché-P 7°ALh 5
7| 7-A. International Politics ANY° AP4P 7 a-kh 5
8|7 Test WIRY LLE 4
10 | U~ Secondary V0TS RLE 4
15| A.n Economy Hh.nG o, No
Foreign Relation, defense and f@-¢* 77101
16| ¢ security anAh PG VT No
17| 710 Social V0 e-P No
18| a Culture and Tourism GWAG 1:6N9° No
19| v Law and Justice V5 &Y No
20| a8 Science and Technology 42705 thsaeE, No
Environment Preservation and fAh00. 708G PAPC
21| Ah wether condition U8 No
22 | h Accident hL) No
23| NA Peace and Stability AAI°G avl 2 ) 5
Democracy and Good 29605 oAy
24| 4. Governance A5 LC 5
Humaniterian and Democratic| "1ALST 29°né-0.° P
25| AN Rights aoA)ff 5
26| 9°C Election IO 5m), 5
Discussions, Rules and @ L, 04 @A PTG
27| -2, Regulations APET 5
28| 7°A Political Parties 7 ath 7CE2 T 5
29| 7" Political Appointment 7 a-kh oo 5
Agriculture and Rural
30| 20 Development CINCTT 1mC AT 15
31| AL Industrial Development P 7506 AT 15
32 | oo Infrastructure Development | Candl A“?T 15
33|79 Trade 7L 15
34| A0 Investment ATa0av 15
35| “?h. Micro Enterprise MeNE RTCTELNH 15
36 | AC Donation and Development | AC42-G PA“?T I-0NC 15
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Agreement

37| 770 Mines and Energy 7075 h1CE. 15
38| mY Water Resource Py Y0 15
39| 07 Bank and Insurance 0705 A70-6710 15
hmPAL Phnd "l
40| A0 Overall Economic Growth 0L 15
41| 4.7 Diplomatic Relation L TN P VT 16
42 | o Military Mission 03 LLP TAOh 16
eC LTS
43| 7 Nation Stability A2 16
03 LL&P AAMTY
44 | @ Military Training U041 AL T 16
45| o Terrorism nNc+H5rt 16
Parofr PTG
46 | @ Foreign Conflicts - 2,04 16
47 | b0 Citizenship and Immigrants | b7 QLA 16
World wide and Continent 909° AP T hVKrEP
48| 90 Activities nrPLY 16
49 | (low Disease Protection N'fJ7 eohAhA 3
o LG AT AL 1.
50| @0 TB,HIV Aids Hh LN 3
51 AN Other Diseases AN N2 3
52| Qv Cultural Treatment aAe vhy°s 3
53| VA Children and Mothers Health | V951G &Gt MG 3
54 | mhA Health Service PmS ANANNT 3
55| m.t+ Health Institutions Constructionfm.§ -1®£7-1- 2703~ 3
56 | m.0 Health Professionals PG Qoo @ P 3
57 | ook Medicines and Narcotic Drugs @» Y7415 h&15 02 3
58 | Yoo Health Tools PUNYCG oo (P P 3
59 | avy Kindergarten aPHA V5T 4
60| h& Elementary R85 LLE T9°VCT 4
61| UL Secondary School V0TS REE TIPVC T 4
62| th Technical e-EnLhg oo @ 9°UCT 4
63| Higher Education N s F9PuCHTr 4
Th) L5 eCP T
64 | 11 Distance Learning TI9°UCT 4
65| oo @ Non Regular Education aw (1§ PAVY T9°VCT 4
66 | -1 Educational Coverage e TI°VCT 147 4
67| 1 Free Education P19 TI°UCT AL A 4
7Y ) VA Tl s P E
68 | oo’ Teachers and Students Affairg 74 .2 4
69 | ool Learning Methods CI9°VCT a5 F 4
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0L P T

70 | lov Learning Tools CA1-I°UC T ool P P 4
Educational Institutions 7 A ol A L
71| 1 Construction 7770 4
72| AT Women and Education AATS T9°VCT 4
73| A Women Affair O 15 L 17
74 | Vo Youth and Young Affair PUIST oNET RS L 17
75| A Physical Disabilities PRYA +51TFT 17
76 | hé. Elders neIPCT 17
Professional and Social
77 | ooy Associations Pov. G PHAP "IVl 17
78| AL Edroch ALCT 17
79| 24 Wedding and Divorce 2NFG G 17
80| Ab Birth and Death ALTT IBG 0451 17
81| NA Humanitarian Donation A(NAP ACSHS 17
82| hi Employer and Employee ANGT O TF 17
83 | NA Unemployment Né hArrt 17
84| N2 Sex Discipline ACh1 2 17
Nations and Nationalities PANLC ANLLANTS VHOT
85| Culture NvA 18
86| 1% Bad culture 18 AP LCUTT 18
87| ¥C Antiques +CAT 18
88| 7 Tourists 1%L 18
89 | "EA Tourism Development C:bHI° AT 18
Religious and National 12715 3PS VLé-P
90 | 7N Holidays n%A-r 18
91| .7 Art 0o 18
92| J¢ History Jén 18
Religious Assemblies and 12793 MAhPTT
93| V- Reports a0) (55, DT 18
94 | 6 Justice Affairs P TV ANLC 1507 19
95 | w7~ Crime Affairs POTEA 40T 19
96 | V- Constitutional Affairs V107N P F40 T 19
97 | ov-N Corruption ao-0G 19
98| Nc Genocide HC “1v4-r 19
99 | &h Judiciary Bodies P4y hhat 19
Information and AI6CTUNTTS
100 | Ak Communication Technology | hev-2.h,' A7 -ths a-%, 20
101 | ao-(] Broadcasting Agencies a 195 AW 20
102| 9o Research and Study PCI°CT PG 20
103 | 4.0 Creativity Work Pé.mé NE-PT 20
104 | ¢ Weather Forecast PHhPC 1100 21
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N1 +s oo

105| Nnc Desertification aogh),ao(; 21
106 | &7 Forestry L7 A YT 21
107 | &-C Wild Animals Protection P%C A700T rNY 21
108 | A Environmental Pollution gahaq, -Naha-r 21
109| Ao Environmental Greenery eahan. o515 o0 21
110 | A Athletics hAEhn 2
111| A%, Foot Ball A%1C 0,0 2
112| Qn Traditional Sport WAL 07°C 2
AT HooGP P07 CoT
113| AH Other Modern Sport Types | 971 2
114 | 4.2, Federations and Clubs 602,605 TS AT 2
115| -th Natural Disaster C1e.7C hL)D 22
117 | AdA Man-made Disaster Ao AN hLD 22
118| havo Disaster Prevention hL.77 aonAhi 22
121 | an Box th! 2
124 | $7 Information PH7? No
125| A0T Urgent ANED, L, 124
126 | P%.m Expected Pol.mild 124
127 | ao (1 Regular an (1% 124

Source: SQL server of ENA
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Appendix 7: List of Affixes Removed from a Word

Suffices Prefixes
e QA
T Na
2] n
7 ne
79° ATL
79 ATLP
AT AP
h- 0
A 0L
hg° 0 LP
h7 ¢
AT
AFT9°
a,
P2FFo-
DI TFw,7
PFFw, 19°
P
P
P17
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Appendix 8: Amharic Various Characters with the Sane Sound and their
Translation to one Common Form

Characters with the Same Sound Translated to
U, 1, h, s, "1 and? he
U+, v and”& hu
7., ch, and"L hi
%, v and hE
v, ch and“i h
v, h and¥ ho
w gndn se
A ando- su
A, and”i, Si
a4 and?? sa
A, and“s sk
A and# s
0 andy’ so
i andil. xe
i, and' Xi
7 and’z Ne
7. and ¥ Ni
h, A, 0 and% e
h- ando- u
A, and?. [
n and% E
A andd |
h and? 0
o and? we
m, andm- w
U ande Ze
I andir Zi
? andf- ye
. and ¢ y
£ and€ Je
% and & ji
7 andl* go
6k andehe Ce
¢, and<r” Ci
A ando Se
A- ande- Su
A and?, Si
X and? Sa
4 and2 SE
A ando S
Z and”? So
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