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ABSTRACT 

Text classi fication is one of the method s used to organi ze mass ive ly availab le textual information 

in a meanin gful co ntext to maximize utilization of information. Auto mat ic text class ifi cat ion is 

the preferred method for accomplishin g c lassi fic at ion in large vo lumes of in formation. Research 

works on automatic c lassificati on is flouris hing in the context of other languages; whereas, 

research on automati c A mhari c text c lass ification is in its in fa ncy stage and very few attempts 

have been made till now. This study puts forward its own contribution for automatic Amharic 

text class ifi cati on. 

Before the c lassifi er is constructed , preprocess ing has been done on the data to make it ready for 

the learn ing algorithm including chan ging vari ous Amharic cha racters with the same sou nd to 

one common form; stemming word vari ants; and remov ing stop wo rds, punctuation marks and 

numbers. And Document Frequency (OF) threshold is appli ed to se lect features of news items . 

• 
Two weighting schemes, Term Frequen cy (TF) and Term Frequency by In verse Document 

Frequency (TF* IOF), are lIsed so as to we ight the feat ures in news docllm ents to construct news 

by features matrix , which is fed to the lea rn ing a lgo rithm. Th is study cons iders one of the neu ral 

netwo rk s learning methods call ed Learn in g Vector Quantization (L VQ), to see its suitabili ty fo r 

automat ic Amharic text news class ifi cati on. In the course of th is study, it is found that TF 

weighting scheme outperform s TF* ID F we ighting scheme by 3.54% on average . Us ing th e TF 

we ight method , 94.81 %, 61.61 % and 70.08% accuracies are obtained at three, six and nine 

catego ries ex periments respective ly with an average o f 75.5% accuracy. For si mi lar experiments, 

th e application of TF*IOF weight method r'esulted in 69.63%, 78.22% and 68 .03% accuracies 

with an average of 71.96% accuracy. 

Previous research works on Amhari c text c lass ification show that, accuracy decreases 

cons istently with the increase in catego ri es. The resu lt of thi s study shows that accuracy does not 

depend on the number of news items and categories considered; rather, representing each 

category with enough num ber of subclasses determines accuracy. Therefo re, fu rther works 

focus ing on finding the optimum number of subclasses is the major direction of research with 

rega rd to Amharic text news classificat ion usi ng LVQ. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

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

enormously in size with the introduction of Internet as a medium of information transfer and 

sharing. As a result, it is really advantageous to be able to automatical ly organi ze and classify 

documents (Novov icova, 2005). As Klein (2004) noted, the dramatic increase in textual 

information forced us to use automated classification system for the management of textual 

information. Automatic text classification is attractive because it frees organ izations from the 

need of man ually organizing documents, which can usuall y be too expensive, error prone or may 

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

Supervised learn ing and unsupervised learning are the two common methods for classifying 

textual information. We may be given a set of docllments with the aim of establishing the 

ex istence of classes or clusters in the document. Or, we may lUlow for certain that there are 

classes and the aim is to establish a rul e where by we can classify a new document into one of the 

existing classes. The fo nner type is call ed unsupervised learning and the later is supervised 

learning (Giorgino, 2004; M ich ie, Spiegelhalter and Taylor, 1994; Skarmeta, Bensaid and Tazi, 

2000). 

Text categori zation is now a fa irl y mature technology that has deli vered work ing so lutions in a 

number of application contexts. But, a number of challenges remain (Sebastiani, 2006). 
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According to Sebastian i (2006), delivering high accuracy in a ll application contexts is one of the 

challenges for text c lass ifi cation. Effective classifiers have been produced for application 

domains such as the themati c classi fi cation of professionally authored texts such as newsw ires. 

But accuracies are poor in some application domains like class ifi cation of web pages, where the 

use of text is more versatile; spam filter ing, spammers adapt their spamming strategies to the 

latest spam filte ring technologies; and authorship attribution. Another cha llenge is the labeling of 

categories according to Sebastiani (2006); that is, manually classify ing documents for use in the 

training phase is costly. Because text c lassification needs large amou nt of prec lassified 

documents to build classifier for new unlabeled documents. 

Accord in g to Sebastiani (2002), for accompli shing text c lass ifi cation task, there are a number of 

learning techni ques. The common ones inc lude Probab ili stic methods, Regress ion methods, 

Decision T ree and Dec ision Rule learners, N~ural Networks, Batch and Incremental learners of 

linear classifiers, Example-based methods, Support Vector Machines, Genetic A lgorithm s, 

Hidden Markov models and C lassifier committees . Th is study considers neural networks 

algorithm cal led Learning Vector Q uantization. 

According to Demuth and Beale (2004), neural networks can be trained to so lve prob lems which 

are difficult for convent ional computers or human beings. Neura l networks can be trained to 

perform complex functions in various field s of application including, pattern recogniti on, writer 

id entification, text c lass ification, speech recognition, computer vision and contro l system s. 

2 
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Neural networks can be used for text class ifi cat ion tasks amo ng others. Algorithms inc lude Back 

Propagation Netwo rk (BPN), Self Organ izi ng Map (SOM), Learning Vector Quantization 

(LVQ), etc (Martin-Vald ivia, Urena-L6pez and Garcia-Vega, 2007). The authors added that the 

most widely used a lgorithm is Back Propagation Network (BPN) and a number of text 

classification tasks are carri ed out us ing Self Organiz ing Map. They sa id that research results 

show that LVQ is better than SOM. Thi s idea is al so expressed by Haykin (1999). In fact, 

Michie, Spiege lhalter and Taylor (1994) and Anderson (2006) indicated that LVQ is the most 

efficient classification algorithm. Heuristic simp licity in LVQ algorithm can be adapted to text 

class i fication tasks though the algorithm is not exploited for such task as noted by Martin­

Valdivia, Urena-L6pez and Garcia-Vega (2007). 

1.2 Statement of the Problem and Its Justification 

The automated class ification (categorization') of texts has been flouri shing in the last decade or 

so due to incredible increase in electronic documents on the Internet; thi s renewed the need for 

automated text c lass ification (K lein, 2004). Extensive study is done for Engli sh language (Ma ly 

and et. aI., 2007). But booming in terest is shown even if extensive study is made (Sebastiani, 

2005). 

Amharic is technologically under resourced language (So lomon and Menzel, 2007); therefore, a 

lot has to be done. Only three researches have been tried on the area till now as to the 

researcher's knowledge. Effort has to be exerted to come up with the best classification 

performance . 

• Text categorization and lext classification are lIsed to refer the same concept. 
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Amharic is the native language of people living in the north central part of Eth iop ia. The 

language is al so spoken as a second language in many parts of the co untry. Sign ificant number of 

immigrants in the Middle East, As ia, Western Europe and North America a lso speak Amharic 

(Encycloped ia Britannica, 1992). Amhari c language has its own writing system that uses Ge'ez 

a lphabet. Recently, there are so many Amharic electronic documents such as web pages, word 

documents, articles, etc. So, it is helpful to undergo research on thi s important language to 

contribute in the process of enriching the language with tech no logy. 

News art icles are amo ng the most popu lar and regul arly accessed content on the web. There is a 

need to have automatic document classificati on among others for managing large num ber of news 

arti cles (Ca lvo, Lee and Li, 2004). Most researches are carried out on Reuter's dataset (Maly and 

et. a i, 2007) for the categor ization of news arti cles into sport, polit ics, economi cs, soc ial, etc. 

There are also so many news art icles which are produced and stored in Amhari c. More 

spec ifi cally, Ethiop ian News Agency (ENA) produces and stores so many news articles. They 

have web site that re leases news in Amharic and Engli sh. Now, the agency uses ENASoft 

software for the management of news. But the c lass ification task is done man uall y. Currentl y, 

there are 116 categories available in EN A. Among these, 13 are major categories and 103 are sub 

categories. Us ing manual class ifi cation is chall enging for these large number ofc lasses* . 

. Timeliness property of news can be ma intain ed by usin g automated c lass ifi cat ion and the bu rden 

of human experts can be avo ided (Zela lem, 200 I; Surafe l, 2003). Surafe l added that it would be 

poss ible to store old news fo r further retrieva l. Besides, Zelalem sa id , t ime is wasted in the 

process of training reporters for news articles classification purpose. In accordance with 

• Category and class are used to refer the same concept. 
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Blumberg and Atre (2003), manua l c lass ifi cation can achi eve a hi gh degree of accuracy though 

domain ex perts occas ionally disagree on how to categorize a document, which is not the case in 

automat ic classification. And manua l class ificat ion is labor intens ive than automated technique. 

Hence, more effort is required by researchers and developers in the area of text c lass ification to 

favor techno log icall y under resourced language-Amharic. Research has to show which technique, 

tool, etc is best for Amharic text class ification. It was with thi s view that Ze la lem (200 I), Surafe l 

(2003) and Yohannes (2007) had done their research using, Statistica l method, K-Nearest 

Neighbor (KNN) and Na"ive Bayes, and Support Vector Machine (SVM) and decision tree 

respective ly. Previous research works on Amhar ic text c lassification are di scussed in Chapter 

Two of Section 2.7. Thi s work al so a imed at contr ibuting in the area of Am haric text 

classification. 

The great problem of news c lassification is the decrease in accuracy as the number of categories 

and news increases. Previous researches by Surafe l (2003) and Yohannes (2007), who have made 

experiments on increasing leve ls of categories, prevai l the idea as indicated in Table 2.6 of 

Chapter two. Since many, 13 major and 103 sub categories involved in news articles of ENA, 

such problem is the maj or challenge to implement automatic text classification system for news 

articles. Sura fe l (2003) and Yohannes (2007) recommended a diffe rent approach for automatic 

Amhari c text c lassification. Hence, the aim of th is study is, to see the performance of a neura l 

network based approach, LVQ, on automatic Am har ic text news classification at increasin g 

leve ls of categories and news items. 
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This research work attempts to answer the fo ll owing questions. 

• Is neural network approach usi ng LVQ learning method feasible for automatic Amharic text 

news class ificat ion? 

• Can we reduce the effect of increasing number of categories and news items on Amharic text 

news class ifi cation performance using LVQ learning method? 

• What is the effect ofTF and TF*IDF we ightin g methods on Amharic text news classification 

perform ance? 

1.3 Objective of the Study 

The general and spec ifi c objectives of thi s research work are desc ribed here under. 

1.3.1 General Objective 

The genera l objective of thi s study is to investigate automatic Amharic text news c lass ifi cation 

usi ng neural networks based approach w ith specific considerat ion of LVQ a lgorithm. 

1.3.2 Specific Objectives 

The fo ll owing specifi c objectives are incorporated for achi ev in g the general objective. 

• To preprocess news documents so as to make the document ready for classifi cation task. 

• To bui ld class ifier based on the Learning Vector Quantization so that class ificat ion is appli ed 

on test dataset. 

• To eva luate the perform ance of the Am haric news class ifier. 

• To provide conc luding remarks and recommendations for further research. 
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1.4 Methodology 

Methodology prov ides an understanding of how a research is conducted and organized in order to 

obtain information that is helpful for develop in g the design of a research (Monica Ines, 200 I). 

The methods used in this research are described below. 

1.4.1 Literature Review 

Literature from books, journals, Internet, etc, have been reviewed. The review is to understand 

the concept of text classification, approaches of text classification, the methods used for 

preprocessing and classifier construction , concept of neural networks and LVQ, and text 

classification using neural networks in general and LVQ in particular. Amharic writing system 

has also been reviewed to understand Amharic Language characteristics which are helpful for 

preprocessing Amharic news. 

1.4.2 Data Source and Datasets Preparation 

Structured interview with the Information and Communication Technology (ICT) coordinator of 

ENA was conducted concerning the data (news), how news are created and distributed, and any 

software that they use for news management. The interview guide is attached in Appendix I. 

The data so urce selected for this study is Ethiopian News Agency (ENA). ENA is se lected as a 

data source because there is no standard Amharic news corpus read y for text class ifi cation task as 

to the researcher's knowledge. And the other reason is that, the data is categori zed into 

predefined categories man ually by the experts which are suitable for supervised learning 

approach lIsed in this study. Six years data, from 2003-2008, have been considered for ana lys is. 
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But the majority of news items are from 2007 and 2008. According to the leT coordin ator of 

ENA, most news items of the fo ur years from 2003-2006 are lost due to damage. 

N in e categori es ha ve been se lected based on random sam pling. Since each category is equally 

important fo r this stud y, every category is given equal chance to be selected based on random 

sampling. The nine categories have I, 762 news items totally. After preprocesses are carri ed out 

all the remaining data have been used for experimentation, whi ch accounts 1, 463. 

After the data have been preprocessed, trainin g and test sets are prepared; 66.67% constitutes the 

training dataset and 33.33% co mprises the test dataset. 

1.4.3 Automatic Amharic Text News Classification Design 

The three important steps used in this study are, preprocess ing, class ifier building and classi fier 

eva luat ion. 

Removing irrelevant news items due to various errors is the first step. The next preprocesses aims 

in se lecting im portant features that can represent and discriminate news items. These in clude 

normalizat ion (removi ng pu nctuation mark and convert ing varying Am haric characters with the 

sa me so und to one common form) , tokenization, remov ing stop words and numbers, stemming, 

term weighting and dimension reduction for feature selection. 

Matri x is generated with features representing rows and news as columns and the va lue of each 

ce ll is either TF or TF* ID F weight methods. Hence, for each experiment, there are two matrices, 

one is us ing TF weighting scheme and the other is usin g TF*IDF we ightin g scheme. 
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After preprocess ing is done, the data is partitioned into training and test sets. The training dataset 

is used to build (construct) the Amharic text classi fier or model based on learning. Finally, 

eva luat ion of the system is made using the test dataset. Accuracy is used to eval uate the system, 

which is computed as the percentage of correct ly c lass ified news items. 

1.4.4 Development Tools and Experimentation Method 

For deve loping Amharic news text c lassification, a number of tools are used, which are di scussed 

here under. 

Visual Basic 6 is used to export the contents of Head line, Keyword and slug attributes fro m SQL 

server to a folder named 'NEWS', in doing so file names have been generated automatically for 

the text fil es. Visual Bas ic 6 is used because of its flexibility to deal with databases and 

researcher's fam i I iarity . 

For Am hari c text preprocess ing tasks, such as normalization, tokenization, stemming, stop word 

and number removal and wei ghting words, Python 3.0, integrated with NLTK (Natura l Language 

Too l Kit) , is employed. The reason to use Python is its conven ient nature and powerfulness to 

work on text processing. 

Learning Vector Quantization (LVQ) algorithm is used to train neural network classifier. LVQ is 

first proposed by Kohonen in 1990. It is the class of supervised learning a lgorithms empl oyed to 

find the elements of which will "best" represent the c lasses called prototypes*' The number of 

classes and the number of prototypes are predefi ned. A labeled training dataset is used in LVQ 

learning method. LVQ is easy to implement and intuitively c lear. This makes it interesting for 

* In LVQI subclass and hidden neuron refer the same concepl and subclasses ofa certain class arc prototype or 
codebook for that class. 
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researchers and practiti oners who are sea rching for robust class ifi cation schemes without the 

black box character of many neural network methods (Ghosh, 2007). 

MA TLAB 7.0 is used to build c lass ifier us in g the se lected al gorithm . The too l is selected because 

of its availability. Additionally, the Neural Network toolbox of MA TLAB provides the foll owing 

fun ctionalities among others (Math Works, 2009). 

• Graphica l user interface (GU l) for creatin g, training and s imulating neura l networks. 

• Prov ides support for the most commonl y used methods of supervised and unsupervised 

network arch itectures. 

• Modular network representati on that enabl es an unlimited number of input setting layers and 

network interconnections inc luding graphi ca l view of network architecture. 

• Vi suali zation functions and GU I for view in g network performance and monitoring the 

training process. 

• Preprocessing and post-processing functions and Simulink blocks for improv ing network 

tra ining and assessing network performance. 

1.5 Scope and Limitation of the Study 

The scope of the study is to in vestigate the potential application of neural networks approach­

LVQ to automatic categori zation of Amharic text news alticJes of EN A. Nine categories have 

been considered, these are Bank and in surance, Tourism deve lopment, Mines and energy, 

In Formation and communi cat ion technology (lCT), Art, Ed ucational coverage, Weather forecast, 

Re ligious assemb lies and reports, and Creati vi ty work. 
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Corpus other than news texts is not cons idered. From the news agencies available in Eth iopia 

(ENA and Walta Information Center), only ENA news are considered. In ENA, there are 13 

major and 103 sub categories but on ly nine categories are se lected . 

LVQ works better if the raw data is norm alized between -I and I according to Thulasiraman 

(2005). Russell, Eberhart and Shi (2007) recommended that the raw data has to be tried and 

analyzed before the norm ali zed one is tried. Their suggestion is followed but time frame inhibits 

to try the normalized one. In MATLAB, there are two types of LVQ, LVQ I and LVQ 2.1. 

According to Demuth and Beale (2004) of MATLAB, performance may be improved if LVQ 2. 1 

is applied after LVQ I. But only LVQ I is used in thi s study. 

The reason, for not taking in to account the above considerations, is to focus on the impact of two 

weighting schemes on Amharic text news class ification. Additionally, based on the result of the 

first experiment, three categories experiment us ing TF weight method, switching epoch gives 

better result. Hence, the trend is followed and nine epoch levels are tried for all experiments 

using TF and TF*lDF weight methods. 54 experiments are carri ed out for the nine epoch leve ls 

in the three, six and nine catego ri es experiments using both TF and TF* lDF weight methods 

without the preprocess ing experiments. The consideration of all these disallow to try the fore 

menti oned important considerations, given time constraint. 

1.6 Application of the Study 

Document classification has practica l importance. The applications of text categorization li sted 

by Novov icova (2005) and Sebastiani (2005) testify its great va lue. These are spam filtering, mail 

routing, e-mai l filtering, news monitoring, selective dissemination of information to in formatio n 
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consum ers, automated index in g of sc ientific art icles, automated population of hierarchi cal 

categories of web resources, identi fi cation of docum ent genre, authorship attribution, survey 

cod ing, and so on. According to Sebast ian i (2005), its appli cat ion can be extended to speech 

categorization by combing speech recognition and tex t categori zation fo r phone call routin g, 

image c lassification using captions, fo r questi on answering system by c lass ify in g questions so 

th at the overall system can be enhanced. 

The stud y conducted on news arti cles o f ENA, can be extend ed for s imil ar industries in the 

co untry. The resul t can be used as a statt ing po int to do research in those domain areas. 

1. 7 Organization of the Thesis 

This thes is is organi zed into five chapters. The First Chapter (this Chapter) is the Introduction 

that contains background , statement of the problem and its justification, obj ective of th e study, 

methodo logy, scope and application of the stud y. 

Chapter Two describes the concept and approaches of text class ificati on, steps in vo lved in text 

classificat ion and networks in general and LVQ learning method in particular. Chapter Two al so 

prov ides the detail s of Amharic writin g system and the too l call ed System fo r Ethiopi c 

Representation in ASC II (SERA ), which fac il itates Amharic computerization. 

Chapter Three is Methodology di scuss ion. It elaborates the methods and al go rithm s appli ed for 

des ignin g the system. Chapter Four is th e Experimentati on and Performance Evaluati on. It 

presents implementation detail s, experim enta l results, analys is and finding of the study. Chapter 

Fi ve pinpo ints concluding remarks and the recommendations forward ed for further research 

work. 

12 

I 
J 



CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

The task of class ification occurs in a wide range of human activity. The term coul d cover any 

context in wh ich some dec is ion or forecast is made on the basis of currently avai lable 

informati on. As a result, classification procedure is requ ired for making judgments in new 

s ituations based on the information provided (Michie, Spiegelha lter and Taylor, 1994). Textual 

information is the one that has to be c lass ifi ed for efficient and effective ut ili zation for a given 

purpose. 

T he vol um e of text content grows continuously online and in corporate domains . Such 

information avai lab le in digital form has to be organized in a manner suitable for use; such need 

has generated and progressively intens i fied the interest in automatic text categorization. Hence, 

automatic text categorization, acting as a way to organ ize the text content, becomes interesting 

not only from academic but also from industria l point of view (Giorgino, 2004; Klein, 2004; 

Liao, Alpha, ·and Dixon, 2003). It is with thi s cons ideration that the task of text c lass ification has 

got attention from researchers and deve lopers in the last fifteen years though its hi story dates 

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

The subsequent secti ons di scuss the concept of text classi fi cation, approaches used in text 

c lass ification, steps used in text class ifi cation, neural networks in genera l and Learni ng Vector 
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Quant ization in particular, Amharic writing system and previous research works on automatic 

Amharic text classification. 

2.2 Meaning of Text Classification 

The concept of text classi fication is defined by a number of authors in similar way. For example, 

Bi , Murtagh and Anderson (1999); Blumberg and Atre (2003); Giorgino (2004); Ifrim, 

Theobald and Weikum (2005); Klein (2004); Liao, Alpha and Dixon (2003); MartIn-Valdivia, 

Urena-L6pez and Garcfa-Vega (2007); Michie, Spiegel halter and Taylor ( 1994); Sebastiani 

(2005); Skarmeta, Bensaid and Taz i (2000); Wang and et. el. (2005); and Yi and Beheshti (2004) 

defined text class ifi cation as the task of automatica lly assigning a set of documents into 

categories (or classes, or topics) from a predefined set. The definition given by Sebastiani (2002) 

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

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

categories. To clarify, if C~ {C I, C2 ... Cm} is a set of categories (classes) and D~ {dJ, d2, ... ,do} is a 

set of documents, the purpose of text classificat ion is ass ign ing C; to dj (I <~ i <~m and I <~j<~n) a 

value of 0 if the document dj does not belong to C;; otherwise a value of I. The mapping is 

sometimes referred to as the deci sion matrix (Klein, 2004) and it is depicted in Table 2.1 . 

d l d; d" 
CI All al' al o 

C; ail aj " a in 

Cm ami ami a mn 

Table 2. 1: Document to Category Matl'ix 
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In Table 2.1, dl ... d" refers set of documents, CI ... Cm refers set of categories and all .. · am" 

represent a va lue of 0 if the document does not be long to that category, otherwise a value of I. 

Depend in g on the app licatio n, text class ification may be either a single- labe l task or multi-labe l 

task. Single-label task is assigning exactly one category to a document. And multi-label task is 

ass igning one category or more categories for a given document. A spec ia l kind of si ngle-labe l 

class ification is binary text c lassification, in which a docum ent is goin g to be classified in either 

of the two ava il ab le categori es (Sebastiani, 2005). 

Based on Sebastiani (2005), text class ificat ion is a subj ective task in the sense that two experts, 

human or artificial, may d isagree on the decision of the category to be assigned for a document. 

A news art icle cou ld be fil ed under Pol itics, Finance, Sport, or any other category, or even under 

neither, depending on the subjective judgment of the expelt. Because of th is, the mean ing of a 

category is subjective. 

2.3 Text Classification Approaches 

[n accordance with Blum berg and Atre (2003), there are four approaches to text 

classificati on, wh ich are manual class ificat ion, rul e-based classification, supervised 

learning and unsupervised learning. 

2.3.1 Manual Class ification 

Manual c lassification is the ass ignment of one or more categories to documents by human 

experts. These experts have domain knowledge and fa miliar with the category structu re 

be ing used (B lum berg and Atre, 2003). 
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2.3.2 Rule-based Classification 

In this approach, keywo rds or Boo lean express ions are used to catego ri ze a document. Such 

method is more conveni ent if a category can be described using few word s. The method is 

uncommon to large sca le classification system (B lumberg and Atre, 2003). 

2.3.3 Supervised Learning 

Thi s is a learn ing mechanism which uses manua ll y c lass ified documents for training purpose. 

From the trai ning, a model or c lass ifi er is constructed so that new un seen document wi ll be 

classified based on the model constructed for each category (B lu mberg and Atre, 2003; Giorgino, 

2004; Michie, Spiege lhalter and Taylor, 1994; Skanneta, Bensa id and Tazi , 2000). 

2.3.4 Unsupervised Learning 

With thi s learning approach, preclassifi ed documents are not required s in ce the method tr ies to 

ex ploit regularities found in the document and make grou p or cluster based on sim ilar ity. The 

method, also called c lustering; it may not found categories whi ch are intuitive to humans 

(B lu mberg and Atre, 2003; Giorgi no, 2004; Michie, Spiegelhalter and Taylor, 1994; Skarmeta, 

Bensaid and Tazi, 2000). 

For both supervised and unsupervised learning, classification must be accompli shed only on the 

basis of know ledge extracted from the documents themselves because the catego ri es tell no 

meaning or do not conta in any know ledge like pub lication date, docum ent type, publication 

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

The phases with regard to text classificati on are, feature preparation, term weighting, dimension 

reduction , class ifier learning and class ifier evaluation (Sebastiani , 2005). 

2.4.1 Feature Preparation 

The text has to be converted into features in order to transform a document into a feature vecto r, 

which is an input for the class ifier learn ing. Hence, th is phase is bas ica lly the first step in the 

preprocess ing stage of the data. Feature formation must be performed with reference to the 

definition of the features. Features may be tokens (single stemmed or non stemmed words) or 

phrases. Features such as single tokens or s in gle stemmed tokens are most frequently used in text 

categori zation. In thi s bag-of-words representati on, information about dependencies and the 

re lative pos itions of different tokens are not used. Phrasal features consisting of more than one 

token are one possi ble way to make use of the dependencies and relative positions of component 

tokens. However, tokens or stemmed tokens show better c lassifier performance than phrases 

(Liao, Alpha and Dixon, 2003). 

Fo r both class ification and retri eva l of natural language text documents, the standard document 

representation is a term vector where a term is si mp ly a morphologica l normal form of the 

corresponding word (Ifrim, Theobald and Weikum, 2005). According to Skarmeta, Bensaid and 

Taz i (2000), a word is a string of cha racters de limited by spaces in the context of English 

language. The representation of a document using token is sa id to be document indexing from 

In formation Retrieval point of view (Baeza-Yates and Ribeiro-Neto, 1999). 
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Document index in g denotes the activity of mapping a document e1j into a compact representation 

of its content that can be directly interpreted by a class ifier buil di ng a lgorithm an d by a class ifier, 

once it has been built. The document indexing methods usua lly employed in text classification 

are borrowed from In formation Retrieva l, where a text dj is typically rep resented as a vector of 

term weights. Index ing method is characterized by defin ing what a term is, and a method to 

compute term weights (Sebastiani , 2005). 

Before a document is ind exed, it passes through one or more text processi ng steps. These steps as 

dealt in Baeza-Yates and Ribei ro-Neto (1999) are, lex ica l ana lysis, stop word s removal, 

identification of noun groups, stemm ing and fina lly indexing. The steps are not sequential. For 

exampl e, wo rds without remov in g stop words ca n be taken as index term s. Figure 2. 1 clarifies 

th is fact. 

Text 

Structure 
Recognition 

, , 
l' 

Struclllrc 

Lexical 
Anal ysis 

Jf 
Text 

... , , , 
Fu ll Text - - - - - - _'! - - - - - - - - - - - - _'! - - - - - - --

Figure 2. I: Steps for Document Representat ion 

Indexing 

Index Terms 

The steps depicted in Figure 2. 1 are discussed in the subsequent part based on Baeza-Yates and 

Ribeiro-Neto (1999). 
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Lexical Analysis: concerned about converting a given document to individual words or tokens 

by the process known as token izati on. It deal s with the identifi cati on o f term separators, accents, 

spac in g etc. It a lso involves a decision on considering or disregarding specia l characters li ke 

hyphens, digits, punctuation marks, spaces, letter cases, etc. Usually punctuation marks, numbers, 

spaces, etc are ignored . 

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

words which occur frequently and have less power in discriminating one docum ent from another. 

Some are used for syntactic purpose; for instance, articles, prepositions, conjunctions, etc . Stop 

words are norma lly removed from a document to faci litate effective representation of a 

doc um ent. 

Noun Groups: dea ls with the identificati on of nouns since noun s convey more mean ing in a 

document collection. In this step, correcti ng spelling errors and combining sim il ar words us ing a 

thesaurus are a lso included. 

Stemming: The same word normall y permitted to take various fo rms for language usage based 

on the grammatical rule of the language . Stemming therefore, dea ls about converting these 

varying forms of the same word into one-root form . Figure 2.2 shows Taxonomy of stemmin g 

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

Manual Automatic (Stemmers) 

/ ~ 
Affix Removal Successor Variety Table Look up N-gram 

Longest Match Simple Removal 

Figure 2. 2: T.lxollomy of Stemming Algorithms 

Accord in g to Frakes and Baeza-Yates (2002), affix removal algorithms, the method used in this 

study, remove suffices andlor prefixes from term s. Porter Stemmer is an example of affix 

removal a lgo rithm. According to Hooper and Paice (2005), Porter Stemmer is the most co mmon 

widely used affix removal algorithm, which applies rules on the word to remove affixes in order 

to find its stem. 

After carrying out at least the first step (lexica l analysis), index terms can be generated as a 

representation of a document. 

2.4.2 Term Weights 

The importance of an index term to a document is shown by usi ng weight (Giorgino, 2004; Liao, 

Alpha and Dixon, 2003). Term Frequency (TF), Inverse Document Frequency (IDF) and Term 

Frequency by Inverse Document Frequency (T F* ID F) are common weighting methods to show 

the importance ofa term (Manning, Raghavan and SchOtze, 2008; Baeza-Yates and Ribeiro-Neto, 

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

given by: 

Formula 2. 1: Term Frequency 

In Formula 2.1 , FREQ;k is the number of occurrence of term k, in document i. TF is zero if the 

term does not appear in document i. 

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

N 

lDF = l og~' 

Formula 2. 2: Inverse Document Frequency 

In Formu la 2.2, N is the tota l number of documents in the collection, dk the number of documents 

in which term k occurs. 

TF*IDF: As the name implies, TF*IDF is the combination of TF and IDF weighting methods. 

TF*IDF incorporates two intuitions. 

a) If an index term occurs more frequent ly in a document, the index term is more impOltant for 

that document, the Term Frequency intuition. 

b) If more number of documents contain the index term, the index term is less discriminat ing 

between the documents, the In verse Document Frequency intuition. 
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Formula 2.3 shows TF*IDF weight of term k. 

i!­
TF * IDF ~ FREQ;, * log~' 

Fo rmula 2. 3: TF*IDF 

In Formula 2.3, FREQ;k is the number of occurrence of term k in document i, N is the tota l 

number of documents in the co llection, dk the number of documents in which term k occurs. 

2.4.3 Dimension Reduction 

A major difficulty in text categorization is the high dimensionality of the feature space. The 

feature space comprises one new dimension for each unique term that occurs in the text 

documents, wh ich can lead to tens of thousands of dimensions for even a small-sized text 

co llection. The dimensionality of the feature space often exceeds the number of avai lable training 

documents; this is an obstacle for learning algori thm s. So, it is desirable to integrate a 

dimensionality reduction phase with text classification task (Skanneta, Bensaid and Tazi, 2000; 

Vi and Beheshti, 2004). 

Feature selection is often used for dimension reduction . Among feature selection methods 

Document Frequency thresholding (OF) and Information Gain (I G) are frequently used methods 

for choos ing a subset of the available features (Krishna kumar, 2006). According to Krishnakumar 

(2006), OF, used in thi s study, is the number of documents in which the word occurs. 

Predetermined threshold is used to remove words which have document frequency less than the 

threshold value. And IG is the number of bits of information obtained for category prediction by 

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

A text class ifi er for a category is automatica lly generated by a general inductive process (the 

learner) by observ in g the characteristics of a set of prec lassified docum ents, which dictates the 

characteri stics that a new unseen document shou ld have in order to be long to a certa in category. 

So as to bui ld classi fi ers for a category, there is a need to have a set of doc uments for which the 

category is known. [n experi menta l text c lassificatio n, it is customary to partition the set of text 

documents into training set and test set. The trai nin g set is the set of documen ts from whi ch the 

learner bui lds the class ifier and the test set is the set on which the effectiveness of the c lass ifi er is 

eva luated (Sebast ian i, 2005). 

2.4.S Text Classifier Evaluation 

T he performance of t~xt classifier can bc evaluated by considering effectiveness or efficiency 

aspects. Effic iency depends on vo lat ile parameters like computer hardware/software on the other 

hand effectiveness depends on the correctness of the c lassifier (Lavesson, 2003). In a single-label 

classification, accu racy is the major effectiveness measure (Sebastiani , 2005). In th is single-label 

classification study, accuracy is used for eva luation of Amharic text classifier. Accord ing to 

Skarmeta, Bensaid and Tazi (2000), accuracy is computed as the percentage of correctly 

classi fied documents. 

Table 2.2 is a contin gency table (Goyal, 2009) for whi ch the fo rmula of classifier accuracy is 

based. 
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Category C; Expe rt Judgments 

Class- Yes Class-No 

C lassifier Judgments Class=Yes TP FP 

Class=No FN TN 

Table 2. 2: Contingency Table for Computing Classifier Effectiveness 

In Table 2.2, TP (True Positive) is the number of test documents correctly classified, FP (False 

Positives) is the number of test documents incorrectly classified, FN (Fa lse Negatives) is the 

number of test documents incorrectly not class ified and TN (True Negatives) is the number of 

test documents correctly not class ified. Hence, accuracy, A, is computed us ing Formula 2.4. 

TP+TN 
A=------

TP + TN + FP + FN 

Formula 2. 4: Accuracy of Text Class ifier 

2.5 Neural Networks 

The intension of using neural networks is to model natural processing of the human brain. The 

brain is highly complex, nonlinear and paralle l computing system. It has the capab ility to 

organize its constituent neu rons, in formation processing elements, to perform computations like 

pattern recognition, perception, motor control , etc; faster than the digital computers with such 

tasks (Haykin, 1999). 

The d iscuss ion on bio logica l neural networks, artificia l neural networks and Learning Vector 

Q uantization (L VQ) follows. 
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2.5.1 Biological Neuron 

A neuron has a cell body, a branching input structure: the dendrite, and a branching output 

structure: the axon, which connects to dendrites via synapses. Electro-chemica l signals are 

propagated from the dendriti c input, th rough the cell body, and down the axon to other neurons 

(Stergiou and Siganos, 1997). Figure 2.3 depicts the structure of biolog ica l neuron. 

Synapse 
Axon 

Nucleus 

Cell body 

Dendrites 

Figure 2. 3: Structure of Biological Neuron 

A neuron fires , produces output, if its in put signa l exceeds a certai n amount (the threshold), in a 

short peri od of time. Synapses vary in strength. Good connections allowing a large signal and 

sli ght connecti ons all ow only a weak signal. Each neuron produces onl y one output signal. The 

output signal is transmitted th rough the neurons outgo ing connection. The outgo ing connecti on 

splits into a number of branches. The outgo ing branches terminate at the incoming connections of 

other neurons (Stergiou and Siganos, 1997). 

2.5.2 Artificial Neural Networks (ANN) 

A neural network is a mass ively parallel distr ibuted processo r made up of simple processing units 

ca lled neurons. The processing un its have a natura l tendency fo r storing experimental knowledge 

25 



and mak ing it avai lab le for later use. Two important things make neural networks similar to the 

brain. The first one is, it acqu ires knowledge fro m the environment through a learning process 

using the network. The other one is, the acqu ired knowledge is stored as weights, wh ich shows 

interneuron connection strength (Haykin, 1999). 

2.5.3 Model of Artificial Neuron 

Neuron is in fo rmation processing element that is fundamenta l to the operat ion of the network. 

There are three constituents of neural networks (Hayk in , 1999). 

I . Synapses: are con necting lin ks, which have weights that shows its strength. Weights 

represented as Wkj refers k neuro n with j weight. 

2. Adder: that sum input signal s from sending neuron/s to receiving signa ls. 

3. Activation Function (Squashing Function): for limiting the ampl itude of neuron outp ut. 

Figure 2.4 illustrates the details of neuron mode l 

Xl------------~.'~ 

X2------------~.,~ 

----------+.~ 
Input S igna ls Synaptic Weight 

Figure 2.4: Neuron Model 

26 

bias, bk 

Summing 
Junction 

Activation 
Functi on 

Output, • 



In Figure 2.4, Xl, X2, ... ,Xm refer to input signals; WkI, Wk2, ... , Wkm are synaptic we ights of neuron 

k; bias bk has the effect of, increas ing: for positive values or loweri ng: for negative va lues, the net 

input of the activation function. 

Formu la 2.5 shows Uk, wh ich is linear combiner due to input signal s. 

m 

U k ::: L W kj 'X j 
}= I 

Formu la 2. 5: Linear Combiner due to Input Xi 

In Formu la 2.5, Xl, X2, ... ,Xm refer to input signals; WkI, Wk2, ... , Wkm are synaptic we ights of 

neuron k. 

After app lyi ng bias bk, input to the activation function Vk is ca lculated as: 

v, = u, + b, 

Formula 2. 6: Linear Combiner with Bias 

The bias is an external parameter that we can ignore, in such cond ition Vk=Uk. 

Finally, the output of the neuron Yk becomes: 

Where, rp 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; layers are groups of neurons which perform similar 

functions. Usually, there are three layers of neurons; input layer, hidden layer, and output layer. 

The layer of neurons that receive input from the user program and sends the pattern to the next 

layer (hidden layer) is the input layer. Hidden layer (one, more or none in some learners), is 

between input layer and output layer. This layer presents in fo rmation to the succeeding layer, 

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

Normall y, there are two basic topologies of neural networks feed-forward networks and recurrent 

networks. In feed-forward networks, the data fl ows through zero, one or more succeeding hidden 

layers and then to the output layer in one direction. On the other hand, in recurrent networks, the 

data flows to all adjacent connected units and circu lates back and forth until the activation of the 

units is stabilized (Artifi cial Neural Networks, 2008). The layered architecture of feed-forwa rd 

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

Input Layer Hidden Layer Output Layer 

Input Output 

Weight 

Figlll'c 2.S: Architecture of Fced-Fonval'd Neural Network 
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2.5.5 Learning in Arti ficial Neural Networks 

One of the characteristics of neural networks is the abi lity to learn from its environment and to 

improve its performance acco rdingly. Learn in g is the process by w hich the free parameters of 

neura l netwo rks are adapted by s imulation of the environment in wh ich the network is em bedded 

(Haykin, 1999). Haykin identi fied five types of learning rul es. These are Error·Correction 

learn ing, Memory-Based learn ing, Hebbian learn ing, Competi tive learni ng and Boltzmann 

learning. 

E rror-Correction Learning: is the techn ique of comparing the system output to the desi red 

output va lue. In thi s learning, a neuron k is driven by a signal vector prod uced by one or more 

layers of hidden neurons, which are dri ven by input vector appl ied to the input layer. The output 

of the neural network is compared to the target outp ut and an error is computed as a resu lt. 

Memory-Based Learning: A II o r most of past experience are expl icitly stored in a large memory 

of correctly classified input-output examples. When classification of a test vector that is not seen 

before is encountered, the a lgorithm retrieves the tra inin g data and ana lyzes the ne ighborhood 

with the test data . 

Hebbian Lea rnin g: states that if two neurons on either side of a synapse (con nect ion) are 

activated synchronous ly (simu ltaneously), then the strength of that synapse is selectively 

increased. On the other hand, if two neurons on ei ther s ide of a synapse are activated 

asynchronously, then that synapse is selective ly weakened or eli minated. 

Competitive Learning: The output neurons compete among themse lves to become active (fired ). 

In Hebbian learning, several output neu rons may fire ; whereas, in competit ive learning only one 
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output neuron is active. Thus, competitive learning is suitable to c lassify input patterns. There are 

three basic elements of competitive learning. 

I. A set of neurons that are a ll the same except synaptic weights; hence, neuron s respond 

differently to a given set of input patterns. 

2. A lim it imposed on the strength of each neuron. 

3 . A mechani sm that permits the neurons to compete to a given su bset of inputs; as a resu lt one 

output neuron is active at a time. The neuron that wins the competition is called a winner-

takes-all neuron. 

Boltzmann Learning: can be v iewed as neurons w ith either of the two states Si=+ I or si=- I. 

Every pair of neurons is connected by the bidirectional weights wij; if a we ight between two 

neurons is zero, then no connecti on is drawn. The optimization prob lem is to find a configuration 

(assessment of all neuro ns) that minimizes the energy described by: 

I N 
E=- - LWij .s"Sj 

2 ;,j=l 

Where, E is the Energy, Si and Sj are two neurons, and Wij is the we ight between neurons i and j . 

Fo rmula 2.8: Energy in Boltzmann Learning 

2.5.6 Advantages of Using Neural Networks 

Paralle l architecture, noi se tolerance, se lf-organi zation and generalization are the characteristics 

of neural networks that its benefits are based (Martin-Valdi v ia, Urena-L6pez and Garcia-Vega, 

2007). Hayk in (1999) li sts out the benefits of neura l networks as nonlinearity, input-output 
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mapping, adaptivity, contextua l informatio n, fault to lerance, Very Large Sca le Integrated (VLS I) 

implementation, uniformity of analysis and design, and neurobiologica l analogy. 

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

signal is inherentl y non linear, for example speech signal. 

Input-Output Mapping: Neu ra l networks wo rk in a set of examples to map input to an output. 

Each example cons ists of a unique input signal and a corresponding des ired response. The 

network adjusts synapti c weights (free parameters) to produce the desi red output. The training of 

the network continues until no change is observed in synapti c weights. 

Adaptivity: Neura l networks trained in a specific environment can be retrained to deal minor 

changes in the operating environment. I f the system is non-stationary, adapting the system to the 

new s ituation is very fu ndamental to ensure stability and to robust performance. 

Contextual Information: Every neuron in the network is affected by the globa l acti vity of all 

other neurons in the network. Thus, contextua l information is dealt natura ll y by the neural 

network. 

Fault Tolerance: A neural network degrade in performance instead of catastrophic failure due to 

the distributed nature of information stored. 

VLSI Implementation: Due to parallel nature of neural networks it is poss ibl e to implement 

VLSI technology, which is hel pful for capturing complex behav ior. 

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

application of neural netwo rks and neurons are ingredient fo r all types of neural networks. 
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Neurobiologica l Analogy: base for fault to lerant para ll el processing. Additionally, fast and 

powerful processing is a lso possib le. Hence, it provides a research tool for neurobiological and 

complex problem domains. 

2.5.7 Learning Vector Quantization (LVQ) 

Learning Vector Quantization, known for twenty years, is a competitive supervi sed learnin g 

algorithm that deals with se lecting prototypes. The task is to find a map from R (inputs) into a 

finite set of labels Y (outputs) . The c lassifiers are parameterized by a set of points, j1.1, .... , j1.k E R , 

which is referred as prototypes formed fro m the training dataset. Each prototype is associated 

with a label y E Y. Given a new insta nce (input) x E R, the label of the closest prototype wi ll be 

ass igned. The goal of the learning process in thi s model is, to find a set of prototypes which wi ll 

predict accurately the label s of unseen instances. LVQ iterates over the training data and updates 

the prototypes position (Crammer, G i lad-Bachrach, and Navot, 2003). 

2.5.7.1 LVQ Architecture 

LVQ is supervised version of Kohonon neural network (Martin-Vald ivia, Urena-L6pez and 

Garcia-Vega, 2007) . 

LVQ network has two layers (Demuth and Beale, 2004), competitive layer and linear layer. The 

competitive layer learns to class ify input vectors. The linear layer transforms the competitive 

layer's classes into target classes defined by the user. The classes learned by the competitive layer 

are referred as subc lasses and the c lasses of the linear layer are ca lled target classes. The 

su bclasses are always larger than the target classes. 
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A ll the input units are full y-connected by feed -forward connect ions to a ll output units. The output 

units are interconnected through lateral inhi bitory con nectio ns so that, when an output uni t is 

act ivated, it uses the lateral connecti ons to send inhibi tion signa ls and to be able to deactivate the 

rest of the output un its (Martin-Va ldivia, Urena-L6pez and Garcia-Vega, 2007). Figure 2.6 

indicates the architecture of LVQ accord in g to Demuth and Beale (2004). 

-
~ 

0 
t5 
OJ "I Competiti ve Layer r ~ > - -I Linear Layer 

::> 
c 
t: 

-

Subc lass Target class 

Figure 2.6: Archi tecture of LVQ 

2.5.7.2 Ty pes ofLVQ 

Accord in g to Umer and Kh iya l (2007), the types of LVQ algorithms are LVQ I (Kohonen, 

1990b), LVQ2. 1 (Kohonen, 1990a), LVQ3 (Kohonen, 1990b) and the Optim ized Learni ng rate 

algorithms OLVQ I (Kohonen, 1992). MATLAB 7.0 incorporates two of these algo ri thms, LVQ 

I and LVQ 2. 1. 

LVQ 1: According to Demuth and Bea le (2004), an input vector P is presented, and the distance 

from P to each row of the input we ight matri x is computed with the Function ndi st, a function to 

compute Eucli dean d istance. Layer one neurons (subclasses) com pete fo r the input. The 

Euc lidean di stance of an input vector is computed with each codebook vector and the nearest 

codebook vector is dec lared the winner (Umer and Khiya, 2007; Martin-Va ldi via, Urena-Lopez 
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and Garcia-Vega, 2007). Demuth and Bea le added that the class of the winn ing neuron (neuron 

with the smallest Euc lidean d istance) is assigned to the input as a target class. The algorithm for 

LVQ I, which is used in thi s study, is presented on Chapter Three of Section 3.8.2.3. 

LVQ 2.1: Similar to LVQ I, the difference is, two vectors of layer one which are closest to the 

input vector may be updated provid ing that one belongs to a correct c lass and the other be longs to 

a wrong class. LVQ 2.1 is used only after LVQ I has been applied (Demuth and Beale, 2004). 

2.5.7.3 Text Classification Using LVQ 

A text class ifi er based on a neural network approach is a network of units, where the input units 

represent terms, the output un its represent the categories of interest and the weight connections 

represent dependence relations. The neural class ifier is trained by using a learnin g algorithm in 

order to modify and adjust the weights appropriately (Sebastian i, 2002). 

LVQ a lgorithm is the supervised version of th e Kohonen model and it was especia lly designed to 

accomplish pattern cl ass ification tasks (Martin-Valdivia, Urena-L6pez and Garcia-Vega, 2007). 

According to Martin-Va ldivia, Urefia-L6pez and Garcia-Vega (2007), there are two layers of the 

L VQ algorithm-input layer and output layer. Codebooks are the weight vectors associated with 

each output units. The input layer has as many units as features retained (dimens ions of the input 

vectors) and there is one output un it for each poss ible cla ,s. Each class of input space is 

represented by its own codebook. For text class ificatio n purpose, one codebook vector per class 

is used. 
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Since LVQ algorithm is a competitive network, output units compete among themselves in order 

to find the winner according to Eucl idean distance to assign a category for each training vector 

(Mart in-Valdi via, Urena-Lopez and Garcia-Vega, 2007). 

2.6 Amharic Writing System 

Amharic is the working language of the Federal Government of Ethiopia; it is one of the 

Semitic languages. Twenty seven million people speak Amharic; with this, it is the second largest 

Semitic language next to Arab ic. One of the major differences between Amharic and Semitic 

languages like Arab ic and Hebrew is that Amharic is written from left to right as of Engli sh 

(Wapedia,2009). 

The subsequent parts di scuss Amharic characters, punctuation marks and number systems. The 

problems in the processing of computeri zing Amharic are also dealt. Finally, System for Ethiopic 

Representation in ASC II (SERA), wh ich is a system to facilitate Amhar ic computerization , is 

described. 

2.6.1 Amharic Characters 

A character or a symbol, Fidel (6.F.A) in Amharic, is used to represent a phoneme, wh ich is a 

combination of a vowel and a consonant (Tewodros , 2003). 

The present writi ng system of Amharic is taken from Ge 'ez alphabet. Ge'ez was used for 

literature in the early time in Ethiopia. The Amharic writing system consists of a core of thirty 

three characters each of which occur in basic form and in six other forms ca lled orders:)As shown 

in Table 2.3 , the six orders represent the different form s of Amharic basic characters. Each form 

is made in accordance with the sound that goes with the symbol. Each character designates a 
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consonant together with its vowel; the vocalic symbol cannot be detached from the consonant 

element. Thus, Amharic does not use independent symbols for vowels (Bender and et. aI., 1976). 

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

less regular mod ifications. 

First Secon! Third Fourth Fifth Sixth Seventh 

Order Order Order Order Ordel Order Order 

V II' '/' '/ 'I. 1/ Ir 
I-Iii Hu Hi Ha He H Ho 

fI tI· tI. I) fl. A fI" 

La Lu Li La Le L Lo 

an fll>· 0,/. "'1 "'l 'I" 'I" 
Ma Mu Mi Ma Me m Mo 

Table 2. 3: Amharic Characters Example 

Five order characters known as labio-ve ll ars are also there, for example, II .. , h .. , Ii', ~\, and !I .. 

Additiona lly, labial ized consonants li ke !\., ":1. , G: , 9., etc are included in the character set 

(Ethi opia, 2002; Zela lem, 200 I). 

In Am hari c characters, there is no capita l letter and small letter distinction (Bender and et. a I. , 

1976). Amharic characters are attached in Append ix 2. 

2.6.2 Amharic Punctuation Marks 

Identifying punctuation marks is vita l to know word demarcation for natural language processing. 

Accord ing to Danie l (1994) cited in Tewodros (2003), the punctuation marks in Amharic are 

about ten though few of them used in co mputer writing system. ' I-Ildet Neteb' (':')-word 

separator and 'Arat Neteb' (' ::')-sentence separator are the major punctuation marks. But, space 
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is mostly used in stead of Hulet Neteb (':') spec iall y in computer writing system. The punctuation 

marks together with their use are presented in Appendix 3. 

2.6.3 Amharic Number System 

The Amharic number system consists of twenty characters. They represent numbers one to ten, 

multiples of ten (twenty to ninety), hundred and thousand. The numbering system is not suitable 

fo r arithmetic computation because there is no representation for zero (0) symbol, no place value, 

no comma and no decimal point. Amharic numbering system is used in dates specially ca lendar; 

otherwise western numeral s are used in most literature these days (Bender and et. aI. , 1976). 

Amharic numbers are presented in Appendix 4. 

2.6.4 Problem of Amharic Writing System 

There are a number of prob lems associated with Amharic writing system wh ich are challenging 

, natural language processing of Amharic documents; which are dealt below. 

2.6.4.1 Redundancy of some Characters 

Sometimes more than one character is used for simi lar sou nd in Amharic (Ethi opia, 2002; 

Ze lalem, 2001). Though the various forms have their own meaning in Ge 'ez, there is no clear cut 

rul e that shows its purpose and use in Amharic according to Bender and et. a l.(l 976) . Table 2.4 

illustrates the d ifferen t fo rm s of Amharic characters with sim ilar sound. 

Character Other fOI'lI1 /S of the character 
V (ha) ,It and .., 
IP (sa) (J 

~, (a) 0 
~ (tsa) 0 

Table 2.4: Amharic Characters with Different Forms of the Same Sound 
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The problem of the same sound with vari ous characters is not onl y observed with core cbaracters, 

but also exbibited in tbe same order of cbaracters. For example, II and 'I , -~ and ;}; ), and >. ; etc 

(Tewodros, 2003). 

Tbe use of various form s of cbaracters fo r the same so und poses a problem in the process of 

fea ture preparation for tbe c lass ifi er learning since the same wo rd is represented in different 

for ms. For example, the word '7.Uj', ' ('sun ') can be represented in Amharic as 7.Uj'" 7.'",1''' 

7.'~)'" 011)'" 0,")'" O'~)'" etc. 

2.6.4.2 Compound Words 

Tbere is no standard way of writ ing Amb aric compound words (Bender and et. aI. , 1976). Space 

or hyphen is used between two words in a compound word; someti mes the wo rds are merged 

together. Accord ing to Tewod ros (2003), there is a meaning difference wben compound words 

separated by space are treated separately. For example, the word ' Ir~-t'lt,' (, to lerant') formed 

from tbe words ' IJ'~ ' meaning 'stomacb' and ' t'lt.' meaning 'wide '. One can imagine how the 

meaning of the origina l word is diverted to different contexts. 

2.6.4.3 Spelling Variation of the Same Word 

The same word is written in various forms (Ethiopia, 2002; Tewodros, 2003; Zelalem, 200 1). For 

exampl e, tbe word ' t'l9"-Y'),A ' (' be hears') can be written in Amharic as t'l9"-Y'),A, t'l9"j:A, 

t'l 9"·1' '/'A, etc. Spelling variation may happen a lso in the case of translat ing fore ign word to 

Amh aric. For in stance, tbe word ' -l:fI,il.lr'} , (,televis ion ' ) can be written as ' /: fI,:ii'lC} , 

'I: fI, :rnn, -~. fI, n.ln, etc. 
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2.6.4.4 Abbreviation 

No consistency is kept in abbreviating Amharic words (Ethiopia, 2002; Ze lalem, 200 I). The 

word "~UlJ'-'~ 9"tJL;/"' , meaning 'AD' , can be abbrev iated as f}9''' '}.9u
, t}.9'I., (}19" , etc. 

All the aforementioned problems pose chall enges since the same word is treated in different 

forms in the process of feature preparation for text c lassifier. So, care shou ld be taken to solve 

such problems. 

2.6.5 System for Ethiopic Representation in ASCII (SERA) 

SERA is a too l for processing Amharic documents. The fundamentals of SERA are discussed 

based on Daniel (1996) . 

SERA is a convention for translation of Fide l (tlS.A) script into Latin script that insures the 

integrity of the format and content of the origina l document, and that can be full y transportable 

across a ll computer mediums. SERA has been under continued development s ince earl y 1993. 

The crux of the problem that demands trans lation is due to ASCII size . ASCII uses 7-bit 

encoding of computer letters, which means there are 128 addresses available to ass ign for letters 

that people and computers may use. But Fidel req uires a 9-bit system for more than 360 

addresses than ASC II can ho ld . 

SERA is used for thi s research work to translate Visua l Ge 'ez Unicode format of Amharic script 

to Latin Script fo r process ing of Amharic documents (news). The trans lation of Amharic script to 

Latin script is presented in Appendix 5 based on Daniel (1996). 
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2.7 Review of Related Research Works on Amharic Text Classification 

As to the knowledge of the researcher, three researches have been done on automati c Amhari c 

text c lassification by Zelalem (200 I), Surafel (2003) and Yohannes (2007). 

Zelalem (200 I) used statistical method for the classification of Amharic news. He used Cos ine 

si milar ity function as a matching function for classification. Zelalem used TF*IDF to show the 

weight of features se lected to represent news. According to Ze lalem, class ification error by 

experts is the maj or factor that reduces the performance of the classifier. Categor ies which 

conta in high di scriminating terms show better performance accord ing to Zelal em. Zelalem ' s 

recomm endations gives due attention on th e development of standard Amharic preprocessin g 

too ls like spell checker, thesaurus and stop words so that researchers on Am haric text 

c lass ification can focus on one as pect at a time. 

The methods employed in Su rafel's (2003) research work are NaYve Bayes and KNN. Surafel 

used Ra in bow tool. And he said that Rainbow read s the datasets and w ri teslindexes to di sk or 

archives a ' model ' containing their stati stics on documents like its category and the number of 

ti mes word s appear in a document. According to Surafe l, the class ification accuracy usin g NaYve 

Bayes and KNN decreases if the categories in the training data contain fewer documents. Surafel 

added that if the categories in the training data are not evenly di stributed, c lass ification affected 

negatively. Surafel indi cated that K.NN is poo r fo r large dataset and there is a di fficu lty in 

determining the va lue of K. Amharic preprocess ing tools development is one of the issues in 

Surafe l's recom mendation li ke Zelalem . Surafe l also recommends other methods to work on 

automatic Am hari c text c lassi fi cation. 
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Yohannes (2007) used SYM and Decision Tree methods. The weighting methods emp loyed in 

Yohannes's research work is TF*JDF. Yohannes said that dec is ion tree and SYM class ifiers 

showed better accuracy for categories with large number of documents in the training set than 

fewer documents. He also noted that SYM and Decision Tree class ifiers are good in accuracy at 

the ex pense of performance cost. Therefore, Yohannes recommends other c lassifiers with less 

processing cost and better accuracy. Like Ze lalem and Surafel, Yohannes also recommended the 

deve lopment of standard Amharic preprocessing too l that aid text c lassification task . 

Table 2.5 summarizes the resu lts obta ined by previous research works. 

Name Categories considered Method l!.Sed Accuracy 

Zelalem Sintayehu (200 I) 3 Cosine Sim il arity 85.05% 

Surafe l Tek lu (2003) 16 KNN 64.4% 

Narve Bayes 78.48% 

Yohannes Afework (2007) 15 LMT 79.72% 

LibSYM 81.15% 

Table 2. 5: Previous Research Works on Automatic Am haric Text Classification 

Surafel and Yohanes made experiments at increas ing number of categories. And they found that 

accuracy decreases as the number of categories increase as depicted in Table 2.6. 
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Name Category Method Accuracy 
3 KNN 89.61% 

Narve Bayes 95 .73% 
4 KNN 84.51% 

NaiVe Bayes 93.86% 
7 KNN 75.27% 

NaiVe Bayes 89.93% 
Surafel Teklu (2003) 16 KNN 64.4% 

Narve Bayes 78.48% 
5 LMT 93.45% 

LibSYM 95.21% 
10 LMT 89.98% 

LibSYM 91.36% 
Yohannes Afework (2007) 15 LMT 79.72% 

LibSYM 81.15% 

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

Two weighting schemes are used in this study, which are TF and TF*IDF. For the purpose of 

feature selection, Document Frequency (OF) thresholding is employed. Thi s study considers one 

of the neural network a lgorithms ca lled LYQ for Automatic classification of Amharic news. The 

method is tested w ith increasing number of categories and 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 fo r preprocessing of Amharic news includes tokenization, stop words and 

number removal , stemm ing, index term weight, d imension reduction and matrix generation. After 

the accomp li shment of preprocesses, the classifier is constructed by Learning Vector 

Quanti zation (LVQ) learni ng method us in g MATLAB as a tool. Fina lly, the syste m is eval uated 

based on the resu lts obta ined using accuracy. The subsequent sections di scuss the methods used 

fo r preprocessing the data to make it ready for c lass ification task and the methods with regard to 

c lass ifier build in g and evaluation. 

3.2 Tokenization 

Token ization is the process by which tokens are identified as candidates to be used as features. 

Cand idates in the sense that stop words and numbers are removed from tokens. A nd tokens which 

do not satisfy Document Frequency (OF) thresho lding are not considered. 

In thi s study, words are taken as token s. All punctuation marks are converted to space and space 

is used as a word demarcation. Hence, if a sequence of characters is fo ll owed by space, that 

sequence is ident ified as a word. 

During the translation of Am haric news us ing SERA, punctuation marks are a lso translated to 

their matches, accordingly. Table 3.1 shows some examples of translation of punctuation marks 
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from Amharic script to Latin script. Translation of all the characters including punctuation marks 

is attached in Appendix 5. 

Amharic character Translated to 

, 

; , 

? 

(space) 

Table 3. I Example of Amharic Punctuation Marks Translation 

The translated punctuation marks are considered for process ing: for replacing punctuation mark 

with space and using space as word demarcation. Algorithm 3. 1 illustrates the process of 

token ization. 

Algorithm 3.1: Tokenization 

do 

Read the contents of a fil e 

If a character is a punctuation mark then 

Replace it with space 

end if 

J f 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 bearin g words, whi ch are less discriminating among documents since 

they appear in most of them. There are common stop words in Amharic wh ich are used for 
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gramm ati ca l purposes li ke ~Ul" ~nr. , \F';'?" , ~,'l , ~'Ir:an , etc, which are non inform ative to 

ident ify documents. In additi on to the common stop word s, there are also news spec ifi c stop 

wo rds li ke 'MO" "..,WPt.>. , t,();J'w'i" etc; their use is for elaboration and common to all news in 

accordance with the reporters of ENA. Because of the unavailabi li ty of standard stop list done by 

prev ious researchers, the researcher of this study is obl igated to develop stop list. 

Since stop words are hi ghly frequent words, tota l frequency of term s aided by manual inspection, 

is the method empl oyed in the process of ident ificat ion of stop word s. Stop li st is prepared after 

ident ify in g stop words; the li st that contains, words wh ich have to be removed from tokens 

generated duri ng the tokenization process. The need of manual inspection is, because of 

freq uen tly occurring keyword s. Fo r example, the word " "6119'" ('touri sm' ) is the most frequent 

word in the catego ry ' To uri sm development ', whi ch is cruc ial in d iscriminating the category. 

Hence, such word s are not incl uded in the stop li st. 

The purpose of identifying stop word s is, to remove such words from the I ist of index term s. 

Index terms are be li eved to represent news or di scriminate one news item fro m the others; 

whereas, sto p wo rds are not. Hence, usi ng those words in the list of index terms is uni mportant. 

That is why thei r excl usion fro m index term list is vital. 

In most cases numbers are less di scriminant among documents (Baeza-Yates and Ri be iro-Neto, 

1999). In th is study also, num bers are not cons idered as index terms. So, index terms li st does not 

contain any number. 

Algorith m 3.2 demonstrates remova l of stop word s and numbers from token list. 
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Algorithm 3.2: Stop Word and Number Removal 

I f token is in stop li st then 

Remove from token li st 

end if 

I f token is num ber then 

Remove fro m token li st 

end if 

3.4 Stemming 

Stemming is changing varying wo rds, due to grammat ical reasons, to the root form of the word. 

Stemming is one of1he preprocessing made on Amhari c text news fo r thi s study. Stemmer that 

can remove common Am haric prefi xes and suffi ces is developed. 

Tab le 3.2 shows an example of the prefixes and suffices removed and an example under each 

affix; these are not the only affixes removed , list of all affixes considered fo r stemm ing purpose 

are presented in Append ix 7. 

Type Affix Example 

Word Translated to 

n n}( "'J }("? 

" I.: M M}("'J }("? 
" ... 

Po. 
n n}("'J }("? 

9" }("?9" }(mJ 

" I.: 
'- e; }( "'Je; }( (pJ 
= 
'" ') }("'J'} }( "'J 

Table 3. 2: Affix Removed During Stemming 
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The stemmer developed for this study is based on affix remova l algorithm using the concept by 

Nega and Wi llett (2002) . In such case, rules are app lied to find the stem of Amharic words. The 

rules to remove prefix or suffix from a given word may not hold true a lways. For instance, 

removing 'm.' (,wu') from the word 'Om.' (,person') would give ' 0 ' ('se'), whi ch is 

meaningless; and rem ovi ng ' fl ' ('be') from ' flA"l' (,autumn ') gives ' A"/' (' Ig'),which does 

not represent the original meaning. Hence, two exception lists are prepared for which affix 

removal rules do not appl ied. 

• List of words that prefix removal ru le does not hold true and 

• List of words from wh ich suffix removal ru le is not applied. 

The stemmer developed takes words as an input and removes prefix of the word . After the prefix 

is removed, the word is again checked if it lasts with suffix in the suffix li st, if so, the suffix is 

removed from the word. Table 3.3 shows an example. 

Example 1 Exam ple 2 Example 3 Example 4 

Input: "J( '"I "J( 'T} r"J( '"I r"J('"n 

Prefix: No No I' I' 

O ntput1: "J( "7 "J( ''7, "J( '''I "J( "?"} 

Suffix: No "} No '} 

Fina l output: "J( "'/ "J( ..... / "J( ..... / "J( "'I 

Table 3. 3: Example of Stem ming 
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Algorithm 3.3 shows the procedure of fi nding stem of a word . 

Algorithm 3.3: Stemming 

L= token length-I 

If token starts with prefix then 

If token not in exceptional li st then 

token=token[prefix length: L] 

update token length 

L=token length-I 

end if 

end if 

If token ends with suffix then 

Iftoken not in exceptional li st then 

length=L-length of suffix 

token=token[O: length 1 

end if 

end if 

3.5 Index Term Weight 

All index terms are not equally important in representing and discriminating a document; it is 

thus, required to measure how im portant a term is with regard to representation and 

discrimination of a document. TF and TF*lDF are the weighing 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+I 

i=i+1 

end if 

while end of file (news item) 

i=O 

do 

If token in news item then 

dk =dk+ I //dk is the no. of documents contain ing the token 

end if 

while end of all news items 

Compute TF*lDF using Formu la 2.3 of Section 2.4.2 

n=n+ 1 

end for 

3.6 Dimension Reduction 

After identifying the number of tokens generated during tokenization, stop words and numbers 

removal and stemming are applied to reduce the number of tokens to be used as features. But sti ll 

the dimension has to be reduced so that the most important attributes of each category is 

identified. The need to reduce the dimension is: 

• Irrelevant features are removed which may affect performance badly. 

• For convenient computational complexity. 
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In this study, Document Frequency (DF) thresho lding is used to reduce the dimension of features 

generated. DF is the number of documents that contain a certain feature. The procedure for 

computing DF is shown in Algorithm 3.4 as d,. DF thresho lding is employed for each category to 

select features. The system is supported by manual observation; whether stop wo rds which are 

not eliminated during stop word removal are mi xed and if there are important features which do 

not sat isfy the threshold . 

3.7 Matrix Generation 

After all the processing on Amharic news documents have been finalized , matrices have been 

generated to be fed into the learning algo rithm. The matrices constitute terms and class as rows. 

The va lue of terms is the result of TF or TF*IDF weight methods. Finally, class attribute has 

been assigned the category label of each news item . The category name and category labe l of 

news are depicted in Table 3.4. 

Category Name Category Label 
Bank and insurance I 
Tourism development 2 
Mines and energy 3 
ICT 4 
Art 5 
Ed ucational coverage 6 
Weather forecast 7 
Religious assemblies and reports 8 
Creativ ity work 9 

Table 3. 4: News Categories and Their Co rresponding Label 

The experiment is ca rried out for two we ighting schemes (TF and TF*IDF), hence Algorithm 3.5 

indicates the procedure for generating matrix representation of news usin g TF and TF*ID F 

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 va lue 

end for 

Else 

Write 0 

end if 

wh il e end offi le 

Write category label 

Return to new line 

i=i+ 1 

3.8 Classifier Building and Evaluation 

Classifier bu il ding is the construction of the classifier using train ing dataset that can predict on 

test dataset. For the purpose of class ifie r construction, the neura l network too lbox of MATLAB 

7.0 has been used with Learning Vector Quantization (LVQ) algorithm. 

3.8.1 MA TLAB 7.0 

The neura l network tool box of MA TLAB 7.0 supports command line or Graph ical User 

Interface (GUI) to create, train, simulate (test) the network. For th is stud y, GU I has been used to 

import data and create networks. And command window has been used to initia li ze epoch, create 

target, tra in networks and sim ulate (test) network s. 
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The preprocessed data has been prepared in CS V (Comma delimited) fil e format; that MA TLAB 

can read . Actual ly, MATLAB can accept other file types too. 

3.8.2 LVQ Algorithm for Amharic Text Classification 

The procedure of using LVQ for Amh ari c text class ification is: 

• Create L VQ network 

• Create target of the training dataset 

• Tra in the network us ing training dataset 

• Simu late (test) the netwo rk usin g test dataset 

3.8.2.1 Creating LVQ Network 

LVQ network is created using GUI of MATLAB. For the creation of the networks, the fo llowing 

parameters are spec ified. 

Input Ranges: is the maxImum and mll11mUm value of each input data and it can be 

automatically generated from input matri x . 

Number of Hidden Neurons: is the number of subclasses, whi ch is always larger than the 

number of catego ries. For thi s study, in each experiment double to the number of categories is 

taken as the number of hidden neurons with the intens ion of representing each class (category) 

with two neurons after carrying out preliminary tria ls. There is no mechani sm to ass ign neuron 

for each class separately in MATLAB; that is, no mechani sm to assure equal di stribution of 

neurons across classes. In thi s study, various epochs are experim ented rater than varying number 

of hidden neurons by observing the result in three categori es ex periment us in g TF weight method 

52 



because good result (94.8 1 % accuracy) is obtained by chan gi ng epoch at this exper iment. Hence, 

the trend is followed for a ll experiments . 

Output Class Percentage: is the percentage of each category w ith respect to the total number of 

training dataset. 

Learn ing Rate: In L VQ, the learn ing rate states that the fra ction of the di stance between data 

poin t and the c losest reference vector. It determ ines how far the reference vector is moved 

towards or away from the data point. The default value is 0.01 , that is, the reference vecto r is 

moved 0.0 1 tim es the distance to the data point. In thi s study, the default learning rate (0.0 1) is 

used. 

Learn ing Function: is the learning rule in LVQ. In MATLAB, there are two learning ru les 

learnlv l (LVQ I) and learnlv2 (LVQ 2.1 ), Discussed in Section 2.5 .7.2 of Chapter Two. 

Applying learn Iv I is the prerequis ite to use learnlv2; hence, learnlv2 can only be used after 

app lyi ng learnlvl. The lea rning ru le employed in thi s study is learn Iv I. 

3.8.2.2 C reating Target 

Since LVQ is supervi sed algorithm, targets are very fundamenta l to th e network; which is created 

using the com mand T= ind2vec (Tc), where Tc is the outp ut (class) o f the tra ining dataset and T 

is the target created. Targets have rows equa l to the number of classes and column equa l to the 

number of training dataset as shown in Tab le 3.5. 
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I I I I I I I I I 

0 0 0 0 0 0 0 0 0 

0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 

0 0 0 0 0 0 0 0 0 

0 0 0 0 0 0 0 0 0 

0 0 0 0 0 0 0 0 0 

0 0 0 0 0 0 0 0 0 

Table 3. 5: Targets for Nine Classes 

Table 3. 5 shows the targets generated for nine c lasses, nine rows equal to number of classes and 

nine co lumns (reduced for viewin g) equal to the number of trainin g dataset. A one on a certa in 

co lumn indicates input data (on that co lumn) belongs to that c lass; the reverse is true for a zero in 

a target co lumn. 

3.8.2.3 Training the Network 

The constructi on of the class ifi er has been done us in g Learnin g Vecto r Q uant izati on (LVQ) in a 

supervised manner. He nce, the a lgorithm demands training and test datasets whi ch are 

preclass ifi ed by the experts. L VQ algo rithm uses tra in ing dataset for class i fi er construction ; and 

test dataset for the eval uation of the class ifier constructed. 

The tra ining dataset constitutes 66.67% of the tota l data. The data is in CSV fil e format and 

imported using GUI of MA TLAB. 

Befo re train in g is started , the fo llowi ng parameters are set. 
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epoch: is the learning ste ps . In this study, various levels of epochs are experimented . Nine epoch 

levels are used for training: 100, 500, 1000, 1500,2000,2500,3000,3500 and 4000. epoch is set 

in MATLAB as 'network.trainParam.epochs= ' va lue ' ; '. 

100 is the defau lt epoch for LVQ a lgorithm. epoch lower than 100 are not se lected based on 

pre li minary tria l. Thus, experiment is made from the default epoch leve l "!P to 4000 increasing at 

interval of 500 (except the first). Interva l of 500 is selected to see the impact of hi gher epoch 

levels because if sma ller interva l is chosen it takes long time to reach to 4000. 

show: is the interva l of epoch number to display the performance of the network wh ile training. 

In this study, the defau lt ' show' is used, which is 25. 

goal: is the error that is intended to achieve during training. The defau lt 'goal' is used in this 

study, which is o. 

After the initialization of training parameters, the next step is training the network created using 

the command , 'network=tra in (network, P, T);'. P is input patterns and T is the target for each 

input pattern. 

The default training function is used, which is trainr, which trains a network with weight and bias 

learning ru les with incre mental updates after each presentati on of an input. trainr is not directly 

ca lled, it is ca lled using ' train ' by sett ing network.trainFcn property to 'trainr'. 

During training, MA TLAB uses different kinds of fun ctions. The functions that LVQ uses are the 

foll owing according to Demuth and Bea le (2004). 
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MIDPOINT: is a we ight initialization function that sets we ight (row) vectors to the center of the 

input ranges (m inimum+maximuml2). 

NETSUM: is a net input function. Net input funct ions ca lcu late a layer's (compet iti ve or linear 

layer) net input by combining its weighted inputs and biases. 

COMPET: is a transfer function. Transfer functions calcu late a layer's (competitive layer) output 

from . its net input. COM PET (N) takes one input argument, N and returns output vecto rs with 

where each net input vector has its maximum value, and a elsewhere. 

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

its net input to decide on the predicted class. 

The perform ance function used is MSE (Mean Square Error), which is the default performance 

funct ion. MSE is the average squared error between the network output and the target output. 

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

fo ll owing manner according to Martin-Valdiv ia, Urena-L6pez and Garcia-Vega (2007). 

Step 1 Initialize the codebook vectors Wi and the learn ing rate 0: 

Step 2 Randomly select an input vector x 

Step 3 Find the win ner unit closest to the input vector (the codebook vector W e with the smallest 

Euclidean distance with regard to the in put vector x): 
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" 
D= ~)X_W, )2 

i .. 1 

Formula 3.1: Euclidean Distance 

In Formula 3. 1, n is the number of vectors in a codebooks, 0 is Euc lidean distance between the 

input vectors, x and their representatives, w, (codeboo k) . The smallest 0 will be considered to 

select label for the input vector. 

Step 4 Modify the weights of the winner unit: 

• If w, and x belong to the same class (the class ifi cation has been correct), then 

w,(I+ I )=We(l)+o.(l) [ X(I)- W eel) 1 

• If We and x belong (0 different classes (the class ification has not been correct), then 

Step 5 Reduce the learning rate a. 

Step 6 Repeat from step 2 unti l a fi xed number of iterations have been carried out. 

3.8.2.4 Testing the Network 

The test dataset is prepared li ke the tra ining dataset and constitutes 33.33% of the total data . The 

test dataset is used to eva luate the performance of the class ifier. In thi s study, accuracy is used for 

evaluation of Amharic text news classifier. The foll owing commands are used fo r testing and 

eva luating the trained network. 
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'Y = sim (network, Test);' Test is the test dataset and Y is a matrix like target matrix of training 

data shown in Table 3.5. 

'Yc = vec2ind(Y);' converts the target into va lue of 0 and I to actua l category label. In thi s 

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

Ec = Tcs-Y c; Ee is the number of mi sc lassified news, Tcs is category of test dataset and Y c is the 

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

EXPERIMENT AND PERFORMANCE EV ALUA TION 

4.1 Introduction 

This study is concerned with automatic Amharic text news class ification, which is a type of 

superv ised learning. In this case, th ere are instances which can be used for training or learning 

and there are in stances used fo r testin g the class ifier. For both learning and test ing, prec lass ifi ed 

data is required. Tak ing this into consideration, precategorized data have been co llected and 

preprocess ing is made on the data so as to make it ready for class ifier learning. From the 

preprocessed data, classifier has been constructed and its effectiveness has been eval uated. 

The subsequent section s di scuss the architecture of this study, the process of maki ng the data 

ready for class ification task and fina ll y, experimentations are conducted on automatic Amharic 

text news c lass ifi cat ion using TF and TF*lDF we ighting schemes. 

4.2 Architecture of Automatic Amharic Text News Classification 

The architecture o f automatic Amharic text news classifier has three basic components­

preprocess ing, c lass ifier construct ion or building and c lass ifier evaluation . 

Preprocessing is the process of making the data ready for experiment. S ince the co llected news 

items are un structured and stored in a database in a way su itable for the application of ENASoft, 

it is co nverted in sllch a way that is appropri ate for thi s study. The final goal of thi s stage is to 
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convert news co llection into a matrix 111 which index terms constitute rows and news items 

represent co lumns with TF or TF* IDF result as weight value of index terms. 

After the data is made ready for experimentation, the training dataset has been fed into the 

lea rning algorithm so that classifier (model) has been constructed based on learning. Class ifi er 

construction is not the fina l stage; its effectiveness is tested by supplying test dataset in that its 

potentia l applicabili ty is seen for researchers and deve lopers alike. Figure 4.1 summari zes the 

arch itecture of this study. 

Amharic News 

Training Dataset ./ 

Classi fi er 
Training 

Normal ization and 
Tokenization 

Stop word and Number 
Removal, and Stemming 

Weighting 

Dimension 
Reduction 

Figu re 4. 1: Architecture of Automatic Amharic Text News Classification 
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In Figure 4. I, Amh ar ic news items are used as an input to the system. Then preprocess ing tasks 

like normalizati on (changing varying Amharic characters with si milar sound to one common 

form, changing punctuation marks to space), tokenization, stop word and number remova l, 

stemming, weighting terms and dimension reduction are done. After all these preprocesses, 

data sets are prepared in a matrix form, from which training and test datasets are prepared and 

used as trainin g and testing purpose respectively. From the trainin g dataset, model (classifier) is 

constructed. The model is tested usi ng the test dataset. T he testing outcome is the assignment of 

categories for news items that are not enco untered during training. Finall y, eva luation is made 

based on the test resu lt using accuracy. 

4.3 Data Source 

The data source for this study is news of ENA. The news items are stored in SQL server using the 

format ofYisual Ge' ez Unicode. 47, 037 news items are extracted from the server of ENA . The 

majority (83.6%) of news are from the years 2007 and 2008. Only 16.24%, from the total data 

collected, are from 2003 , 2004, 2005, 2006, 2007 and 2008 years. According to the interview 

made with le T coordinator of the agency, the four years news items are not complete due to 

damage. Table 4.1 shows the number of news items in each year. 

No. Year Number of news Percen tage ., 
I 2003 39 0.083% 
2 2004 98 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 c lassified in acco rd ance with major classification and sub c lassification. Totally, 

there are 11 6 c lasses including the major and sub classes. Among th ese 13 categori es are major 

categori es, and the rest (103) are sub c lasses under the maj or classes . The major and sub 

categories are attached as an Append ix 6. 

For the purpose of th is study, nine categori es are taken into consideration. The nine catego ri es 

have been selected based on random sampling, wh ich are Bank and insurance, Tourism 

deve lopment, Mines and energy, ICT, Art, Educational coverage, Weath er fo recast, Reli gious 

assemblies and reports, and Creativity work. The number of news items in each category and the 

tota l number of news items are shown in Tab le 4.2. 

No. Category News No. 

I Bank and insurance 339 

2 Touri sm deve lopment 295 

3 Mi nes and energy 269 

4 ICT 205 

5 Art 20 1 

6 Educational coverage 147 

7 Weather forecast 135 

8 Reli gious assemblies and reports 11 3 

9 Creativ ity work 58 

Total 1,762 

Table 4.2: Number of News Items for the Nine Categories before Removing Irrelevant Ones 

4.4 Removed News 

Eve n though the tota l num ber of news items for the nine categories is 1, 762 , all of them have not 

been considered due to va ri ous reasons. Wh ich means that there are news removed from the data 
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and part of news are considered for the construct ion of the class ifi er. Some news items disturb the 

objecti vity of the study others are not relevant for the purpose meant for. The removal is made by 

exporting news from SQL server to Microsoft Excel because Microsoft Excel is fo und to be very 

conven ient for the researcher and suitable to view Amharic news. 224 news items are removed 

due to various reasons. Table 4.3 shows the number of news items removed for the various 

reasons. 

Reason for Removal No. of News 

Null Va lues 53 

Misc lassiii ed News 36 

Meaningless Characters 78 

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 fo r the remova l of news items. 

4.4.1 Null Values 

The study considers three important parts of news fo r the purpose of selecting relevant features. It 

has been believed that news articles can be represented by head line, keyword and slug. That is 

why the three parts of the news are taken into accoun t fo r thi s study. Hence, records are removed 

if they lack headline, keyword , or slug. Table 4.4 is an example of news with no val ue in the 

keyword and slug attribute. 
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Head Line Keyword Slug 

I' ~\, :/"Y' A' ,n uu t\ 119" '/7\';:1' (I '}(I 9" 1''''I,.rfl-'-'1'(fl''} 
~\'H': r ,:J/btl1 ",":f· (J ',~-'} ~\,~, fl MIl] 'II] 

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

4.4,2 MiscIassificd News 

Due to error made during data entry in ENA, some news items are entered in a wrong category 

that they do not belong to. Misc lass ified news items are identified w ith the help of reporters of 

ENA. For example, the fo llowing news item w ith the meaning ' Accord ing to consumers and 

merchants the pri ce of frui t have no chan ge s ince last week', is categorized as ' Bank and 

Insurance' while it be longs to the category ' Trade ' . 

'1(10," 

4.4.3 Meaningless Characters 

Records with erroneous ly entered characters are rem oved from the data . I f a news item contains 

characters that do not convey any message, it has been reduced from the data . Actuall y, care is 

taken to do that; reporters are asked the meaning assoc iated w ith such characters but they replied 

that such scenario happens due to error. Illustrati on is presented in Table 4.5. 

Head Line Keyword Sl ug 

?? ?? ?? 

t'I (U'U'II'I6, 6, Iili 6, '/'/ 

Table 4. 5: Meaningless Characters Found in News Collection 

64 



• 

4.4.4 Redundancy Problem 

News items which contain redundant words. phrases or sentences are removed s ince they di sturb 

the objectivity of news representation us ing index term s. The foll owing news, meanin g: '739 

students are graduated ', be longs to the category 'Educationa l Coverage' , which is repeated four 

tim es after the symbol: : (the final one is not com plete). 

PII. :P.: (I rm .f.(l'fm· \';/''}''IIC:/' T(~"/(,· ')" .I'e'le'llll'l'/'m·'} 739 '/·"?t~:r· ll uu'f. rm t.l' 'I,Ib 

(I.v,."/(p 'Ita MJa"t.'l':: PII.:P.: (I uu.f. (J'f OJ' ['0). '}"I}(;.,/. Tr.'''/('·,),' ,I'e'lIlIll'J'/'(fI''} 739 

,/·""t~:r- lluu'f.m·tJ' 'I,Ib (J'<;."/(p 'It, ~,flm't.'/':: PII.}): (Jr.m.f.(J ·faJ· r:J·'}"VC')· 

Tealt·'}" ,l'e'lI\I1l'l'/'(fI''} 739 ,/.u'lt9'1'· I\u"'f.unt.l' 'I,Ib (I-'l. "lta 'Ito l,fluut.'/.:: PIIJ>~ 

(Jm'.f.(]?,'(JJ' r:J''}''VC:/' T(~"/(r')" ,l'e'lI\IIl'l'/'aJ"} 739 '/'''''t~1', 

4.4.5 Correction of News 

Some news items contain correct ion of the original news. For such kind s of news items, 

' correction ' (""'1."1 . .1") is written on the headline. Those news items have been removed from 

the data s ince they do not contain the sense of th e news. 

4.4.6 Language Problem 

Some Head Lines, Keywords or Slugs are written usmg English . All these news items are 

removed from the data. Figure 4.2 illustrates snapshoot of the table in the news database that is 

written using Engli sh, the fifth item . 
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1·M·1' Ann 1'~'T( P'I"!'1'C "'IK{,.!1 N·~"'i N·M·1' Ann '1'!'1'C "'IK{,.!1 
h.. -r \'" k ! n~.e ~(I. !'(I.". &I"K: ~1 'i' h ~lI':': ~: 1"1'1> ~.,. P' 

rH6. ~'i r .. M" .1.1(0'" 'I>"K:P''f. fL."'m<\.~.,. r~.Il.n:.'T('I'&I M.:r"f.P''f. "'Ivnc 
h 10 "f.h. \,"~ '1C n~.e "'19"'1' JH'.". V1",.,. 'r'l>.1:' ~'1'1' 

Minassie .r...,.. 
r'l>"K: ~'1'l' U"'I~ n"'lm'ihC fL.M'l· M'f.h.".r'l>"K: ~'1-r U"'I 

r'M9" "'''l.~'f. .,,~~ 9"n~J'l' n"'l';-i"'l rp':rp'~ lI"lI-'" 9"7i'l' 
r"'lll.:r",-t! "f.~1:C MCII."", rb:·~"'/{"'" h."'/It.Q7i~ n"'~{,. h1·"'I1·h6.1· 

Figure 4. 2: News Item Writlcn Us ing English Character 

tu.,.n'l 
r~'I> ~"'p' 
tn.,.n'l ~ 
r'l>"K: ~'1~ 
1..1..1.. 
r'l>"K: ~'1'l' U"'/ 
h.~.,.n'l 

After removing news w ith the fore mentioned problems a total of I, 538 news items remain. 

Table 4 .6 shows the categories together with the number of news cons idered. 

No. Category News No. 

I Bank and insurance 297 

2 Tourism devel opment 253 

3 Mines and energy 25 1 

4 ICT 167 

5 Art 152 

6 Educationa l coverage 138 

7 Weather forecast 132 

8 Reli gious assemb lies and reports 103 

9 Creativity work 45 

Total 1,538 

Table 4.6 Number of News after Removal of Irrelevant News 

News items which conta in none of attributes (features) are removed. That is, after news matrix 

generation, an y news item that holds none of the features is removed from the datasets. Table 4.6 

does not incorporate such removal. Since the number of removal in such case varies based on the 

number of categori es in each experiment, it is d iscussed in Section 4.9.2 under three, six and nine 

categories experiment us ing TF wei ght method. For example, from the category ' Art ' , 4 news 

items are removed during three and six categori es experiment 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 trans lated into Latin script for process in g purpose us ing SERA, which is a 

system of converting Amharic characters into ASC II. The cha racter table of SERA in Appendix 5 

is modified accord ing to information in Appendix 8. The modification is required in order to 

change Amharic characters with different symbo ls but simi lar sound to one common form. For 

example, in SERA character table ' f)' is mapped to 'he' and "/ ' is mapped to ' ha ' but both ' II ' 

and "/' have sim ilar sound, hence in this study, both are translated to ' he'. 

The need to hand le various forms of characters with the same sound is, to treat the same word 

with such different characters as one word . [n Amharic, there are var ious characters with the 

same sound as discussed in Chapter Two of Section 2.6.4.1. And there is no rule where to use 

those varying characters. In the news collected, in consistent usage of such characters is very 

commo n. If those characters are not replaced with one common character, the same word IS 

treated differently. As a result, we obtain more than one index term for the same word. 

The word "}'9"UC'}" (,education' ), for instance, is fo und in the data written in three form s as 

' ·}·,/"Ur.:/· ', " }·9"rl,r.·}· ' and ' :/·9'''lr.·}· '; wh ich means, there are three index terms for the word 

"}'9"UC:/" (,education ' ) even if all the three forms have the same meaning, 'education '. Such 

kinds of things increase computational complexity (decrease efficiency) and decrease 

effectiveness (accuracy). Therefore, all words with varying cha racters but hav ing the same so und 

are co nverted to one commo n form. 

The collected news items are stored in SQL server. All the news are exported and saved as text 

file (txt file format) in order to process the news. From the SQL server, three attributes of news 
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are taken into cons ideration. It is believed that the three attr ibutes, headline, keywords and slug, 

represent the contents of news. 

Fi lenames are generated automatically for each news item during the expolt. A ll files are stored 

in a folder ca lled 'NEWS' . The nine categories are identified by numbers (file names) in a certain 

range given for each category as shown in Table 4.7. 

No. Category Filename Range 
I Bank and insurance 0-296 
2 Tourism development 297-549 
3 Mines and energy 550-800 
4 ICT 801-967 
5 Art 968-1 , 119 
6 Ed ucational coverage 1, 120- 1,257 
7 Weather forecast 1,258- 1,389 
8 Religious assemblies and reports 1,390- 1,492 
9 Creativity work I , 493-1, 537 

Table 4. 7: Filename Range fol' each CatcgOl'Y 

4.6 Stop Word and Number Removal, and Stemming Experiments 

Preprocess in g done on the data is to generate matrix of terms and their TF and TF*IDF weight 

values. But all terms are not used as representatives of news due to high dimensionality. Hence 

forth, after tokenization, words which have less contribution in representing and discriminating 

news have been eliminated. Such terms are stop words and numbers. As a method of en hancing 

representati on, stemming is also used to bring words with similar concept but vary ing characters 

due to grammatical usage of Amharic; that would otherwi se be treated differently if stemming is 

not considered . Table 4.8 shows the results with regard to the number of features , reduction of 

features in number and percentage (%) after each preprocessing has been made and after all the 

preprocessing tasks are mad e together. 
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Category Tok. Number Stop Word Stemming Al l Preprocessing 
Name N Removal Remova l 

FN RN RO/o FN RN RO/o FN RN RO/o FN RN R % 

Bank and 
insurance 1007 967 40 3.97 974 33 3.28 841 166 16.48 613 394 39. 13 
Tourism 
development 1176 1162 14 1.19 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 19 .98 622 234 27.34 
Art 743 740 3 0.4 723 20 2 .69 627 116 15.61 587 156 2 1 
Educational 
coverage 794 777 17 2.14 752 42 5.29 628 166 20.9 1 541 253 3 1.86 
Weather 
forecast 644 642 2 0.31 619 25 3.88 494 150 23.29 447 197 30 .59 
Religious 
assemblies 
and reports 717 712 5 0.7 684 33 4.6 608 109 15.2 557 160 22.32 
Creativity 
work 340 336 4 1.18 328 12 3.5 3 296 44 12.94 273 67 19.7 1 
Tota l 5129 5032 97 1.89 3662 103 2.01 5026 1467 28.6 3258 1881 36.48 

Ta ble 4. 8: Stop Word and Nu mber Removal, and Stemming Experiments Results 

In Table 4.8, Tok.N is the number of tokens generated by tokenization process, FN is the number 

of features after each preprocessing, RN is the number of reduction of features from the tota l 

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

The 'Tota l' of the co lumn ' FN ', in Table 4.8, is not the sum of all features . There are common 

features which occur among two or more categories. That is why, the ' Total ' of the co lumn ' FN' 

reduced from the sum of features in each category. 

From Table 4.8, it can be observed that stemming reduces features better than other 

preprocessing methods, wh ich is 28.6% for all categories. Stop word removal reduces features by 

2.0 I % and 1.89% features are reduced from the total features as a result of number remova l. 

When all the preprocess ing is done together, 36.48% of features are reduced for all categories. 
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The amount of features reduced is co nsiderable but greater number of features can be reduced if 

stop word removal system and stemming systems are complete. If the stop word remova l system 

uses stop word list that incorporates a ll stop words better red uction can be achi eved according to 

this study. Using the stemmer developed , good result is obta ined; if standard stemmer that takes 

all affixes into consideration is used, again the result of thi s study indicates that more reducti on 

can be accomplished. Amharic is morphologically reach that needs the deve lopment of 

sophisticated stemmer; for example, the word ' ebyate*' Ch'IIJ" " ') is not stemmed to ' bEt' 

CIl.·)·' ) in th is study. If such cases are incorporated, stemm ing method can brought good 

red ucti on in the number of features according to the result of thi s study. 

4.7 Dimensionality Reduction of Features 

The number of features is too many (3258) even after undergo in g different preprocessll1g 

methods. Hence, dim ensional ity red uction method us ing Document Frequency (DF) thresho ld ing 

is carried out to reduce features further. The reductio n is required to represent news with the most 

important features and hence, redu ce computat ional complex ity. 

DF va lue of a term is the number of documents which co nta in that term. Hence, DF is 

experimented for each category to identify features which can we ll represent and discriminate 

each category. [n doing so, a semi-automatic technique is employed to identify the most 

representat ive terms fo r each category. Thi s enables to check important term s which do not 

sati sfy the DF threshold and also irrelevant terms which satisfy the DF thresho ld . Consultation 

with ENA reporte rs is fundamental to decide whether a word is keyword or not for that catego ry. 

For example, the term ' ityoPya ' C ~\. ;"f-;\' J") occu rred in 46 news items in the category' Bank 

+ Appendix 5 can be referred for the translation of Amharic script to Latin script 
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and insurance' , wh ich satisfy DF threshold . But the term is not keyword for the category; as a 

result, the term is exc luded in the feature li st of the category. On the other hand, the term 

' inxurans ' (,l,:}ij'· t.'}I'l ') has DF of 8, which is below the threshold , but it is the most important 

keyword in the category 'Bank and insurance'; hence, it is included in the feature li st to represent 

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

category. 

Category DF Threshold Features No. 

Bank and insurance 40 7 

Touri sm deve lopment 24 8 

Mines and energy 40 8 

ICT 20 9 

Art 17 10 

Educationa l coverage 20 IS 

Weather forecast 30 6 

Rei igious assemb l ies and reports 12 13 

Creativity work 10 4 

Total 80 

Table 4. 9: OF Th reshold and Number of Features fol' Each Category 

For examp le, the category 'Creativity work ' has the features ' feTera ' (, .I.mt·'), ' mrmr ' 

(, Y"r.9"C) , 'e lmroewi' (' M,9"C l,'1~ ' ) and ' patent ' (' .r-I"Ft· ' ). 

The experim ent for this study is carr ied out on three, s ix and nine categories; thus, the number of 

features is not the sum of features for the three (lCT, Art and Educationa l coverage), s ix (lCT, 

Art, Educational coverage, Weather forecast, Reli gious assemblies and reports and Creativity 

work) and nine (Bank and in surance, Tourism deve lopment, Mines and energy, ICT, Art, 
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Educational coverage, Weather forecast, Religious assemblies and reports and Creativity work) 

categories as there are common features which occur across categories. Table 4.10 depicts the 

feature size for the three, six and nine categories. 

Catcgory Number Featurc Number Feature Sum Difference 

3 32 34 2 

6 47 57 1O 

9 69 80 II 

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

In Table 4.10, 'Difference' indicates the number of common features . ' Feature Sum ' shows, the 

number of features when number of features in three, six and nine categories are summed 

according to Table 4.9. ' Feature N umber ' indicates the actual feature size in the respective 

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

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

preprocess ing, are used as features by the application of dimension reduction step. 

4.8 Matrix 

The input to the learning algorithm is a matrix generated with the value of term weights, TF and 

.TF*IDF. Table 4.11 and Table 4.12 show an example of matrix generated for the nine categories 

experiment using TF and TF*IDF we ight methods respecti vely; the rows and columns are 

reduced for viewing purpose. 
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The al gorithm requires on ly the we ight val ues for training input dataset. That is, during training 

(learning), terms and class labels are not used. And the class row (last row) is used separate ly as 

an output of the input patterns, from which targets are created. 

'l,t1/9" 
'turizm' 0 0 0 0 0 0 0 
')''j''UC:/' 
'tmhre 0 0 0 0 0 0 0 
I]'}h 

'bank' 0 I I 0 3 0 0 
'j"'}'lt 

'mnzari' 2 I 0 I I 2 2 
"'OS: '} 

'maldn' 0 0 0 0 0 0 0 
Class I I I I I I I 

Table 4. II: Matrix Using TV Weight Method 

In Table 4.11 and Tab le 4.12, zero indicates that the feature does not occur in that category; 

otherwise its weight value is used to show its importance. 

,f,t 1/9" 
'turizm' 0 0 0 0 0 0 0 
'~ ' 'j''tJC1' 

'tmhrt' 0 0 0 0 0 0 0 
lI'}h 

'bank' 0 3.46 3.46 0 10.38 0 0 
9"'}'lt 

'mnzari' 6.64 3.32 0 3.32 3.32 6.64 6.64 
"'I'M:'} 

'maldn' 0 0 0 0 0 0 0 
Class I I I I I I I 

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

The experiment here is using the matri x generated for both TP and TP* lOP weighting schemes . 

Us ing the two weight methods, ex periments are carried out for three, six and nine categories 

respectively. 

4.9.1 Experimental Plan 

There are 54 ex periments carr ied out totall y. Por each experiment, nine level s of epochs are used 

and experimented , wh ich are 100, 500, 1000, 1500,2000,2500, 3000, 3500 and 4000 epochs. 

Since the objective of the study is to see the trend in performan ce with the increase in the number 

of categories and news, the experiments done are on three, s ix and nine categories with increas in g 

number of categories and news. To se lect the three groups, categories arc arranged in decreas in g 

number of news as can be re ferred from Table 4.6. And the categories are grouped into three 

groups with each gro up havi ng three category members according to Tab le 4.13. 

Group1 Group2 Group3 
Category News No. Category News No. Category News No. 
Bank and 297 ICT 167 Weather forecast 132 
Insurance 
Touri sm 253 Art 152 Religious 103 
deve lopment assembli es & report 
Mines and energy 25 1 Ed ucati onal 138 Creati vity work 45 

coverage 
Total 80 1 Total 457 Total 280 

Table 4 . 13: C~ltegol'ics in G roup to Plan the Experiment 

Co mpari ng the three grou ps, 80 I is the largest num ber of news items. One of the ai ms of thi s 

study is to see performance effect at increas in g number of news items. Hence, the first group is 

not taken for the three categories experiment since tak ing largest number from the beginni ng is 
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not plaus ible. The next group contain s medium number of news items; hence, it is sens ible to 

select for the three categories ex periment. 

For the s ix catego ri es ex periment, if the group with smaller number of news added, the nllle 

categories experiment w ill have largest enough number of news items that compl ements with the 

objective. Hence, Group2 and Group3 are taken fo r the six categories experiment and Group I is 

left to be added in the nine categories experiment. 

Finally, the nine categori es experiment contains all the categori es or a ll the Groups. As a resu lt, 

the experiment at the three levels with increas ing number of categories and news items are: 

I. Three categories: ICT, Art and Educational coverage. 

2. Six categories : ICT, Art, Educat iona l coverage Weather forecast, Religious assemblies and 

reports, and Creativity work. 

3. N ine categories: Bank and in surance, Touri sm development, Mines and energy, ICT, Art, 

Educati onal coverage, Weather forecast, Reli g ious assemb li es and reports, and Creativity 

work. 

Table 4. 14 summarizes the training and test data sets for the three, SIX and nine categories 

experiments. 

Catego.), 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, Six and Nine Categories Experiment 
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4.9.2 C lass ification Using TF Weighting Scheme 

The TF weightin g scheme is based on the occurrence of the term in that news item. In a term 

(rows) by news (columns) matri x, TF represent the ce ll va lue as dep icted in Table 4. I I. The 

experim ents on th ree, six and nine categories are di scussed in Section 4.9.2. I to 4.9.2.3. 

4.9.2.1 C lassification for T hree Categories 

The experiment usin g three categories has been made cons idering the categories ' ICT, Art and 

Educational coverage'. The data sets for training and testing are summarized in Tab le 4. I 5. 

C lass Na me Class Feature News Training set Test set Output 

La bel No. No. (66.67%) (33.33%) % 

ICT I 9 122 8 1 4 1 O. 299 

Art 2 10 148 99 49 O. 365 

Educationa l coverage 3 15 136 9 1 45 0.336 

Total 32 406 27 1 135 I 

Table 4. IS: Datasets Summ ary for Three Categol'ies 

In Table 4. 15, O utput percentage (%) is one of the parameter required to create LVQ network, 

which is co mputed by divid ing training set percentage by 100. 

Thirty two feat ures have been identi fied for the three catego ries as presented in Tab le 4. I 0 of 

Section 4.7. Fifty one news items wh ich do not conta in any of the features in the matrix 

generated have been rem oved. The reason for removing those records is that, if news item does 

not contain any of the terms in the matri x; it obvious ly be long to other catego ry. Because, manual 

inspection of fifty news items indicates that any news item contai ns at least one of the features. 

76 

I 
J 



So, it is most likely such news items do not belong to the categories co nsidered; which may not 

be id entified durin g misclassification identification. 

The netwo rks have been created and tra ined at various leve ls of epochs. Eva luati on has been 

made and accuracy has been record ed for each epoch levels as presented in Tab le 4. 16. 

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000 

Accuracy 69.63% 68,89% 68.89% 69.63% 94.8 1% 68.89% 69.63% 68.89% 68.89% 

Table 4. 16: Accuracy for Three Categories Using TF Weighting Scheme at Va rious epoch Levels 

Epochs with similar accuracy are di scussed together because in these epochs, it has been seen 

that the misc lassifications resu lts and the wrong category assigned are the same. 

100, 1500 a nd 3000 epochs: The same accuracy of 69.63% is obta in ed. In these tests, it has been 

observed that the misc lassified news items belong to ' ICT' category. When analyzing, ' ICT' 

category have least num ber of tra ini ng data and features as compared to the categories 'Art and 

Ed ucationa l coverage ' . All the news items of the category of ' Art and Ed ucationa l coverage' are 

c lassified correctly, which have larger representative in the training data. 

500, 1000, 2500, 3500 and 4000 epochs: Accu racy of 68.89% is registered. These experiments 

are sim ilar to the above experiments. The only difference is, one news item that be longs to the 

category ' Ed ucational coverage ' is mi sc lass ifi ed to 'Art' category (wh ich contains the highest 

number of training data). The news item contains the word 'mrqat' (' ?,'C:J';I" ) and ' temari ' 

(,'I"nl t') that occurs in small number from 9 1 training dataset (6 and I I times respecti vely). 

2000 epoch: 94.8 1 % of accuracy is obtained, which is the best result. In thi s context, most news 

items are catego ri zed correct ly except seven news items which are misc lass ified to the category 
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' Art', As mentioned , the category' Art' contains the highest number of training instances in the 

three categories experiment. Misc lassified news items and their feature with TF va lue at 2000 

epoch is shown in Table 4, 17, 

No. Feature TF Class in Test Data Misclassified To 
1 Eyer (M'C) I ICT Art 
2 mrmr (?"C?"C) I ICT Art 
3 Temari (-1''''11'.) 3 Educational Coverage Art 

tmhrt (-) ' 9"UC:n 1 Educational Coverage Art 
4 Mrqat (!/"C :J':J.) 2 Educationa l Coverage Art 

Temari ("''''11'.) I Educational Coverage Art 

5 Temari (."fl1t) 3 Educati onal Coverage Art 

tmhrt (-'I'!/"UC:/·) I Educational Coverage Art 

6 tmhrt (-'/ ·!/"UC-)·) 1 Educational Coverage Art 

7 mrgat (!/"C :J'-l') 2 Educational Coverage Art 

Temari (-/, fl1t) I Educational Coverage Art 

tmhrt (·)·!/"UC:J·) I Ed ucational Coverage Art 

Table 4. 17: Misclassilicd News for 3 Classes Experiment Using TF "Vcight Method at 2000 CI)och 

In the test dataset, the word 'eyer' (' ~\rC') is found in the news item that belong to the category 

' ICT'; but, the word ' eyer' ('~\{'C ' ) is the keyword for the category 'Weather forecast', During 

testing, the news item is classified to the catego ry 'Art', whi ch has the highest number of news, 

wrongly, The news item in actua l context belongs to the category ' Weather forecast '; but it is 

misplaced in the category ' ICT' due to error. The news item is not identified dur ing 

misc lassification identification at the start, 

The second misc lass ified news item contai ns the word 'mrmr'(' !/"C!/"C ' ), which is keyword for 

the category ' Creativity work ' , It may be due to thi s ambigu ity that the news item is misclassified 

to ' Art' category with the larger number of news items, 
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It is also observed that, news item that conta ins only th e features ' mrqat ' (' Y"r.:" ')· ' ) and 

' temari ' (" /''''/(, ') in the category ' Educational coverage' are c lass ified wrongly to ' Art ' 

catego ry. The reason may be the featu res occur in small number of news. O ut of 9 1 train ing 

dataset, the word ' mrqat' (, :r'C:"') ") occurs in 6 news items and the word ' temari ' (" /''"/(, ' ) 

occurs in I I news items. 

The other mi sc lassified news item contains the word ' tmhrt ' (' ,)·:r'U(:-·/· ' ) with TF of I. The 

word ' tm hrt ' (' ~':r'IJC;/" ) is the most important keyword for the category 'Educationa l 

coverage' but news items which contai n the feature with frequency of I are mi sclassi fi ed to ' Art' 

category. The fe ature occurs more than one in all the news items except the misc lassified news; 

thi s may be the reason of misclass ification. 

In all the experiments for three catego ries, when there is m isc lassification, the wrong category 

assigned has the hi ghest number of training data. And most misc1ass ifications are due to all news 

items mi sclassifi cat ion in certa in categories except 2000 epoch ex periment. Thi s occurs when the 

catego ries are not we ll represented by enough number of subc lasses (hidd en neurons) according 

to Umer and Khi ya (2007). 

4.9.2.2 Classification for Six Categories 

The six categories considered are ICT, Art, Educational coverage, Weather forecast, Religious 

assembli es and repo rts, and Creati vity work. From the six categories, ' ICT, Art and Edu cational 

coverage' are used in the first experiment. The rest three catego ri es are added for increasin g 

category and news num ber as the aim of the study is to see the effect on perfo rmance when 
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category and news number are increased. Table 4. 18 provides sum mary stati sti cs of data sets used 

fo r tra ining and testing. 

C lass Name C lass Feature News T raining set Test set Output 

Label No. No. (66.67%) (33.33% ) % 

ICT I 9 122 84 38 0.185 

Art 2 10 148 98 50 0.2 16 

Educati ona l Coverage 3 IS 136 90 46 0.198 

Weather fo recast 4 6 13 1 88 43 0.194 

Re li gious assemblies 

and reports 5 13 96 64 32 0.14 1 

Creativ ity work 6 4 45 30 IS 0.066 

Total 47 678 454 224 I 

Table 4. 18: Datasets Summary for Six Categories 

The six catego ri es have fo rly ,even attributes totally. Fifty nine news items which do not contain 

any of the features have been removed. The results of testing fo r the six categories are depicted in 

Tab le 4. 19. 

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000 

Accuracy 6 1.61 % 6 1.6 1% 6 1.6 1% 61.61 % 6 1.61 % 6 1.6 1% 61.61% 61.61 % 6 1.61% 

Table 4.1 9: Accllracy for Six Categories Using T ..... Weighting Scheme at Various epoch Levels 

In these experiments, sim ilar result, 6 1.6 1 % of accuracy, is registered fo r all levels of epochs. 

Not only the accuracy, but al so the misclass ifi cation of in stances is th e same fo r all the epoch 

leve ls. Like the previ ous results, all the news with small num ber of news items in the training 

dataset (lCT, Religious assembli es and reports, and Creativity wo rk) are misclassified into wrong 

categories with more number of news items and features. 

80 



All the news items of ' Educati onal Coverage and Weather forecast' categories are classified 

correctly. From the category ' Art' , only one instance is misc lass ified to the category ' Weather 

forecast'. Observing the test data indicates, the news item conta ins the words 'ertist ' (, l,C'I;()q· ') 

and ' eyer' ('M'r.' ). The featu re ' eyer' (, l,{'C; ' ) is the keyword for the category ' Weath er 

forecast '. This may be the reason that the news item misc lass ified to the category ' Weather 

forecast' . 

The three categories, ' Art, Educational Coverage and Weather forecast' have more number of 

news in the trainin g data or more number of features than other catego ries, whi ch is the reason 

for the good classifi cati on result obtained in the three classes. Whereas, the mi sc lassification of 

a ll news items in the categories ' ICT, Reli gious assembli es and reports, and Creativity work ' 

di ctates the lack of enough number of subclasses which can represent each category. 

4.9.2.3 Classification for Nine Categories 

The final experiments using TF weight method have been made for all the nine categories ' Bank 

and insurance, Tourism deve lopmen t, Mines and energy, ICT, Art, Educational coverage, 

Weather forecast, Religious assembl ies and reports, and Creativity work '. The statistics of 

datasets is shown in Table 4.20. 

S ixty nine att ributes are there for the nine categories. Seventy fi ve news items which contain 

neither of the attributes have been removed from the total data. 

81 



Class Name Class Feature News Training set Test sct Output 
Label No. No. (66.67%) (33.33%) % 

Bank and insurance I 7 294 196 98 0.201 
Tourism deve lopment 2 8 247 165 82 0.169 
Mines and energy 3 8 242 16 1 81 0.165 
ICT 4 9 122 8 1 41 0.083 
Art 5 10 149 99 50 0.102 
Educational Coverage 6 IS 136 91 45 0.093 
Weather forecast 7 6 131 87 44 0.089 
Religious assemb lies and 
reports 8 13 97 65 32 0.067 
Creativity work 9 4 45 30 IS 0.031 
Total 69 1463 975 488 I 

Table 4. 20: Datasets Summary for Nine Catego ries 

The results of the experiment at the various epoch levels are illustrated in Table 4.2 1. 

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000 

Accuracy 62.09% 62.3% 61.48% 70.08% 62.3% 6 1.07% 61.48% 61.89% 61.68% 

Table 4. 21: Accuracy for Nine Categories Us in g TF 'Weighting Scheme at Variolls epoch Levels 

Except the 1500 epoch experiment, all the news items which belong to the categories ' ICT, Art, 

Weather forecast, Relig ious assemb lies and reports, and Creativity work' are not classified 

correctly. For the 1500 epoch experiment, all the news items of the category 'Weather forecast' 

are classified correctly. The categories ' ICT, Art, Weather forecast, Religious assemb lies and 

reports, and Creativity work ' those their news items are not assigned to correct classes have the 

least number of news data as compared to other categories cons idered. This is s imi lar to what has 

been observed on the three and six categories experiment. The difference here is, the category 

'Educational coverage ' with less number of news ( 13 1 news items) than the misclassi fied 

catego ry ' Art' (149 news items) is among the category in which its news items are correctly 

class ifi ed. This may be due to the largest number of features ( 15) in the catego ry ' Educational 

coverage ' as compared to all the categori es. 
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Most of the news items whi ch belong to categories with larger number of news items are 

classified correctly, only some news items are mi sc lass ifi ed fro m these categor ies. These 

mi sc lass ificati ons at the vari ous leve ls of epochs are analyzed and disc ussed below by observin g 

the data. 

100 cpoch: 62.09% of accuracy is regis tered. At thi s experim ent, all the news items of the 

category 'Touri sm deve lopment' are class ified correctly. One news item is mi sc lass ified to 

' Touri sm development ' in the category ' Bank and insurance'; the news item contain s the features 

'mereja' ('ulJL)1,') and 'faynans' (, " . J'S,}")"). The word 'mereja' (' ulJL )1, ' ) is keywo rd for the 

category ' leT'; thi s ambiguity may be the reason of mi sclassification to category with the higher 

number of feat ures, ' Touri sm development'. And also one news item in th e category ' Mines and 

energy' is class ified to ' Bank and insurance ' wro ngly. When the data is observed, the news item 

co ntai ns the fe atures ' hey l' (, 11.I'.A ') with TF of I, ' bdr ' (" OJ': C ') with TF of 3, 'EIEktri k ' 

(' ~ •• fI,n ;J' t n ' ) with T F of I and 'bank ' (, W}n ') with T F of 1. The word s ' bdr' ('·flJ':r. ') and 

'bank' (, IJ'HI ') are the keywords to the catego ry' Bank and insurance' w ith hi gher TF sum va lue; 

whi ch may be the cause of misclass ification. 

One news item from the category ' Educati onal cove rage' is mi sc lass ified to the category 

' Touri sm development' , whi ch is the second in the number of news it contains (but exceeds the 

fi rst in the number of features). The news item contain ' mrqat ' (' 9"r.:p.? ,) and ' temari ' 

(, '/''''I t ' ), w hi ch are words occur in few (6 and I I respective ly) num ber of news as described 

earl ier. 

500 and 2000 cpochs: at these epoch levels, the same accuracy of 62.3% is resulted. The results 

of the experiments are sim ilar like the 100 epoch experiment. The difference is, the misc lass ified 
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news item in the category ' Bank and insurance' is correctl y c lass ified; in thi s case, the 

co ns ideration o f the word ' fa ynans ' (' </ • .l',c,',}I'l ' ) may be the reason for the correct c lass ification. 

1000 and 3000 epochs: 61.48% o f acc uracy is registered. Like 100 epoch experiment, the same 

result is encountered except the mi sclass ificati on of additional three news items. These news 

items be long to the catego ry ' Bank and in surance' but wrongly class ifi ed to 'Touri sm 

development ' category. When the news items are observed, a ll the news items conta in the word 

' faynans' (' </ • .e'J,}I'l ' ) only. The presence of only one feature may be the cau se of 

m isclass ifi cati on. 

2500 epoch: at thi s experiment, 61.07% of accuracy is registered. The result is similar to the 

ex periments at 1000 and 3000 epochs but two addi tional mi sclass ificati ons. T hese news items 

with the word 'qrs' (' :"CI'l'), be long to the category 'Touri sm Deve lopment' but mi sc lass ified to 

the category ' M in es and energy'. The news items contain onl y one feature 'q rs' (, '}CI'l ' ); hence, 

it may be the motive to be misclass ified into the wrong category. The other d ifference with the 

1000 and 3000 epochs experiments is, the three news w ith the word ' faynans ' (' </ •• l'.'J,}I'l ') in the 

category ' Bank and in suran ce' are mi sc lass ified to the catego ry ' Touri sm development ' in the 

1000 and 3000 epochs experim ent; but, in thi s case, they all a re mi sc lass ified as ' Mines and 

energy' category, which is the third largest in the number of news items that it contain s. 

3500 epoch: 6 1. 89% of accuracy is resulted at thi s experiment. Two news items with the word 

' qrs' (" }CI'l ' ), like 2500 epoch ex peri ment, a re mi sclass ifi ed; but, in thi s ex periment they are 

mi scl ass ified to the category ' Bank and insurance ', whi ch have the largest number of news items. 

As of ex periment 100 epoch, the news item with the features ' heyl' (, tJ.I',t\ ' ) w ith TF of I , ' bdr ' 

84 



c,n,r.'C') with TF of3, 'EIEktrik ' C ~ .. t\.t/'h~h ') with TF of I and ' bank' C'l/t/ ' ) with TF of I, 

is mi sc lassi fied to 'Bank and insurance' whi le it be longs to the category ' Mines and energy'. And 

simi lar to th e 100 epoch experiment, one news item in the catego ry ' Educational coverage ' 

mi sclassifi ed to the category ' Touri sm development'. 

4000 epoch: 61.68% of accuracy is ach ieved for thi s experiment. One additi onal news item is 

misclass ifi ed compared to the above experiment, 3500 epoch. This news item co ntains the 

features ' mereja' Ca"t.i)" ) and 'faynans' C' 1.,l'S,t'l ' ) be long in g to the category ' Bank and 

insurance ' but mi sc lass ifi ed to ' Mines and energy' category, wh ich has the third highest number 

of news items. The other mi sc lass ificatio ns are sim il ar to the above ex periment except the news 

with the word ' qrs" C'.1>r.t'l ') are mi sc lass ified to the catego ry ' Mines and energy' like the 2500 

epoch experiment. 

1500 epoch: In the nine categories ex periment, the best accuracy, 70.08%, is registered at this 

epoch. In thi s context, the improvement in accuracy is due to the correct class ifi cation of all the 

news items of ' Weather forecast ' category. Except th is difference, the same thing is resulted in 

thi s experi mc.nt like the experiment at 2500 epoch. 

Like three and six catego ries experiments, wrong categories assi gned have larger number of news 

items or larger number of features. And most mi sc lass ifi cati ons are due to all news items 

misc lass ification in certa in categor ies; this s ituation is due to lack of enough number of 

subc lasses in categories as described in three and s ix categories ex periments. 
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4.9.3 C lassification Us ing TF*IDF Weighting Scheme 

After TF we ight method is experimented for the three, six and nine categori es, the effect of 

TF*IDF we ight method is seen for sam e numbers of categories. 

Like TF weightin g scheme experiments, usi ng the same datasets and categor ies, experimentation 

is held for TF*IDF weightin g scheme for three, s ix and nine categories. Tab le 4.22 shows 

accuraci es reg istered at various levels of epochs ex perim ents. 

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000 

3 Classes 69.63% 62.22% 65.19% 69.63 % 65. 19% 65.19% 65. 19% 69.63% 62.22% 

6 Classes 57.78% 70.22% 78.22% 57 .78% 57.78% 58.22% 72.89% 57.78% 57.78% 

9 Classes 62.09% 62.3% 61.48% 68.03% 62.3% 62.3% 62.3% 54.5 1% 62.3% 

Table 4. 22: Acc uracy Us ing TF*IDF \Veighting Scheme at 3, 6 and 9 Classes at various epoch Levels 

As TF we ight method, TF*IDF di scuss ion is based on epochs with similar accuracy result. 

Experim ents whi ch resulted s imilar accuracies have the same instances of news mi sc lassified and 

of course the wrong category assigned is the same for all the experiments with s imilar accuracies. 

The anal ys is for the TF*IDF weight scheme is presented for the three, six and nine categories 

experiments as follo ws . 

4.9.3.1 C lassification for Three Ca tegories 

In these experiments, it has been observed that all the news items in one of the three categor ies 

are misc lassified. In 100, 1500 and 3500 epochs ex periments, all news items of ' leT' category 

are not ass igned correctly; in 500 and 4000 epochs experim ents a ll news items of category' Art ' 

are not c lass ified correct ly; and a ll the news of the category ' Educationa l coverage' are not 
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assigned to correct category in 1000, 2000,2500 and 3000 epochs experiments. Most orthe news 

items in two categories under each ex periment are classified correct ly except some, which are 

di scussed be low. 

500 and 4000 epochs: An accuracy of 62.22% is resulted at these exper iments. Here a different 

resu lt is obtained. All the news items of the category 'Art' are misclassified. But it is the category 

with the largest number of news items. In addition to 'A rt' category news items, there are two 

' ICT' category news items which are classi fi ed wrongly. One conta ins the word ' eyer' (, l,('C ') 

and classified to the category 'Educational coverage'. As discussed in three categor ies 

experiment using TF weight method, the word is the keyword for the category ' Weather 

forecast ' . But the news item is categori zed to ' ICT' category in the test data due to error. Hence, 

the news item is misc lass ified to 'Educational coverage ' category with the largest number of 

features during testing. The other news item contains the word ' mrmr' ('9"C9"C'), which is 

keyword for the category 'Creativi ty work'. It may be due to this ambigu ity that the news item is 

misclass ifi ed to the category 'Educationa l coverage', which has largest number of features. 

1000, 2000, 2500 and 3000 epochs: An accuracy of 65. 19% is reg istered at these experiments. 

A II the news items of 'Educational coverage' category, the second larger in the number of news 

items, are misclassified. In these experiments, the news items which contain the word 'eyer' 

(, l,fC) and ' mrmr' (' 9"C9"C) are misclassified li ke experiments in 500 and 4000 epochs. The 

only difference here is the category assigned is 'Alt' , wh ich has the largest number of news 

items. 

100, 1500 aod 3500 epochs: 69.63% of accuracy is regi stered, which is the best resu lt for the 

three categories experiment using TF*IDF weight method. In thi s experiment, all the news items 
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whi ch be long to ' ICT' category are misc lassified. Th is category is with the least number of news 

items th an other catego ri es. A ll news items in the categories' Art and Ed ucati onal coverage' are 

classified correct ly, which are the fi rst and the second in the nu mber of news items they contain . 

For two epoc h leve l experiments, all the news items in the category' Art ' with the largest number 

of news items are misclass ified. And for three epochs level exper iments, all news items in 

category ' ICT' with the least number of news items are mi sc lassified. And fou r level epochs 

ex periments resul ted in the misclassification of a ll news items in the category 'Educationa l 

coverage' with the second larger in the number of news items it conta ins. In all the cases, all 

news items are misclassified; whi ch indicates the categories are not we ll represented by enough 

number of subclasses like all the above TF weight method experim ents. 

4.9.3.2 Classification for Six Categories 

The ex peri mentation for the six categories experiment using TF*IDF weight method results the 

foll owing. 

100, 1500, 2000, 3500 and 4000 epochs: fo r these epoch leve ls, least accu racy of 57.78% is 

registered . Except news items of ' ICT' category, all the news items of categories with the least 

number of news items are mi sc lassified. These are Educational coverage, Re ligious assemblies 

and reports, and Creati vity work. Additi onally, there are two news items from the category ' ICT' 

which are mi sclassi fi ed to 'Weather fo recast and Art' categori es . The first news item contains the 

feature ' eyer' eM'C), whi ch is misclassified to ' Weather forecast' category. The feature ' eyer' 

(, l,rC ') is the keyword for the category 'Weath er fo recast', it may be due to thi s fact that the 

misc lassi fi cation occurs. As described in three catego ri es experiments (500 and 4000 epochs), 
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this news ite m is contained in the test data of ' ICT' category due to error, which is not ident ified 

in m isc lassification ident ification of news during initi al preprocessin g of news items. 

The second news item with the wo rd ' mrmr' (' 9"C9"C') is mi sc lass ified to 'Weather forecast' 

catego ry in 100 and 1500 epochs experim ents and to ' Art' category in 2000, 3500 and 4000 

epochs experiments. The catego ry' Art' , wi th largest number of news items, is assigned wrong ly 

three tim es in 2000, 3500 and 4000 epochs but the category ' Weather forecast' ass igned wrongly 

two times in 100 and 1500 epochs. 

500 epoch: An accuracy of 70.22% is resu lted for thi s experiment. A ll the news items of the 

catego ry 'Art' (largest num ber of news items) and ' Creativity work' catego ry (least number of 

news items), are c lass ified to wrong categories. Addit iona ll y, there are two news items which are 

misc lassified I ike the above experiments, spec ifica lly 100 and 1500 epochs experiments. 

2500 epoch: 58.22% of accu racy is recorded at thi s experi ment. The same res ult is obtained like 

the 100, 1500, 2000,3500 and 4000 epoc hs experiments except, the mi sc lassified news item in 

the catego ry 'ICT' w ith the word ' mrmr' (' 9"C9" C') is class ifi ed correctly. 

3000 epoch : 72.89% of accuracy is registered here. All the news items in th e category 'Creativi ty 

work' w ith the smallest nu mber of news and ' Educat ional coverage ' category with the third 

sma llest number of news items are mi sc lass ified. But all the news items in the category of ' ICT, 

Art, Weather fo recast, and Re li gious assemblies and reports' , are c lassified correct ly. 

1000 epoch: The best accuracy of 78.22% for the TF*IDF we ight method in the six categor ies 

exper iment is reg istered at th is epoch. Here, all the news items in the categor ies ' Re li g ious 

assemblies and reports, and Creati vity work' with the least number of news items are 
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misclass ified . From the categories ' ICT, Art, Ed ucational Coverage and Weather forecast' , wh ich 

have the largest number of news items, only two news items are mi sclass ified. The two news 

items be long to the category ' ICT'. The first one co ntains the feature 'eyer' (' hf'C ') and the 

seco nd contains the feature ' mnnr' (,Y"r.9"C) as described in 100, 1500,2000, 3500 and 4000 

epochs experiments. In this ex periment, they are misc lass ified to the catego ri es ' Weather forecast 

and Educati onal coverage' ( largest number of features) respectively. 

The misc lass ifi cation of all news items due to lack of enough num ber of subclasses in certain 

categories a lso appear in the six categories ex periments using TF*IDF we ight method . The 

mi sc lassified news items ass igned to categories with largest number of news items or features in 

most cases like the TF weight method experiments. 

4.9.3.3 Classification for Ni ne Categories 

The foll owing parts di sc uss the resu lts for the nin e categories experimentation. 

100 eJloch: The same accuracy of 62.09% is resulted like the nine categories experiment using 

TF weight method at the 100 epoch. The difference here is, the misclass ifi ed news (a ll news) 

items are in the categori es o f ' ICT, Art, Ed ucational coverage, Religious assemb lies and reports, 

and Creativity work'. In the TF experiment, a ll news items of ' Weather forecast' category are 

mi sclass ified instead of the category ' Ed ucati onal coverage'. Only two news items are 

misc lass ified in the catego ries ' Bank and insurance, Tourism deve lopment, Mines and energy, 

and Weather forecast' which contain the largest number of news items with the exception of 

' Weather forecast' category. 
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In both TF and TF* IDF experim ents for the nine categori es, there are two similar mi sclass ified 

news items in the categories 'Bank and in surance, and Mines and energy' . The first news item is 

with the features ' mereja' (' ouL}>," ) and 'faynans' (, tj.j'S,}fl ' ) and the second one is with the 

features ' heyl' (, OY, A ' ), 'bd r' (" 11.1':£:'), ' EIEktrik ' (' lbt'btl:/·ttl ') and ' bank' (" nti'). The fi rst 

one, in thi s case, is mi sc lass ifi ed to the catego ry ' Mines and energy', third largcst in the number 

of news items; in the TF exper iment it is mi sclass ified to 'Tourism deve lopment ' catcgory, 

second largest in the number of news items. The seco nd one is class ifi ed wrongly to the category 

'Bank and in surance ' like the TF experiment. The poss ibl e reason of the two news items 

misc lass ification is disc ussed at 100 epoch experim ent for the nine catego ri es using TF we ight 

method. 

500, 2000, 2500, 3000 and 4000 epochs: as of the nine catego ri es ex peri ment in TF weight 

method at 500 and 2000 epochs, the same accuracy of 62.3% is regi stered at these experiments. 

In these ex perim ents, s imi lar resu lt is registered like the above ex per imentati on except the 

m isc lass i fi ed news item in the category ' Bank and insurance ' is correctly class ified as mentioned 

in the nine categories ex periment at 500 and 2000 epochs us in g TF we ight method. 

1000 epoch : here aga in similar resul t with accuracy of 61.48% is recorded like 1000 and 3000 

epochs expcriment for th e nine categori es experiment using TF we ight method. 

S imilar result is seen by observ in g the test data li ke thc 100 cpochs expcriment of this sect ion. 

But, three addit iona l news items belongin g to the category 'Bank and in su rance ', are 

mi sc lass ified to the category ' M ines and energy ', third largest in the number of ncws items it 

co ntains. These three news items are the same with 1000 and 3000 epochs experiment for the 
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nine categori es us in g TF wei ght method except, in thi s case they are mi sc lass ified to the category 

' Touri sm deve lopment ', second largest in the number of news items it contains. 

3500 epoch : Least accuracy o f 54.5 1% is reg istered. All the news items o f the categori es 

' Touri sm deve lopment, ICT, Art, Relig ious assembli es and reports, and Creati vity work ' are 

c lass ified incorrectly . With the exception of 'Tourism development ' category, all the catego ri es 

contain less number of news items. From the other categories, ' Educationa l coverage, Weather 

forecast, Mines and energy, and Bank and in suran ce', only two news items are misclass ified. One 

news item be longs to the category ' Bank and insurance' but mi sclass ified to ' Weather forecast' 

category. The other one is in the ' M ines and energy' catego ry but ' Bank and in surance' category 

is ass igned wrongly. The first news item is with the features ' mereja' (' aut.:{ ' ) and ' faynans' 

(' ''.):'Sil'l '); and th e second news item contains the features ' mereja' (' a" t. ~· ' ) , ' heyl' ('O.l'.tI ' ), 

' bd r' ('·n.~·c ') and 'EIEktrik ' O"I'I .tr :h~tr ') .The di scuss ion in 100 epochs nine categories T F 

we ight method ex periment, can be ap plied here for the two news items. 

1500 epoch: Best res ult with an accuracy of 68.03% is achieved in the nllle categori es 

experim ent using TF*lDF weight method. A ll the news items of the categori es ' Art, Educationa l 

coverage and Creativity work ' are mi sc lass ifi ed. And 46 news items are Illi sc lass ifi ed from the 

categories ' Bank and in surance, Touri sm deve lopment, M ines and energy, ICT, Weather forecast, 

and Re li gious assemb lies and reports'. Observati on o f the data reveal s that the poss ible reasons 

of mi sc lass ificat ion are s imilar to the above ex periments. 

Like all the experiments, the ni ne catego ri es experiments are the same in that a ll news items of 

certa in catego ries are mi sc lass ifi ed whereas very few or none misclass ifi cati ons occur in the oth er 
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classes. The all news items misc lass ifi cation in certain categories resulted due to lack of enough 

number of subcl asses for those categori es as menti oned earli er. 

4.9.4 Comparison of TF and TF*IDF Weight Schemes Results 

The res ults of experiments using TF and T F* ID F weight schemes show the reasons o f 

mi sclass ifi cations are s imi lar in most cases. It is fo und that news items whi ch are not class ified 

correct ly in TF weight method al so found to be misc lass ified in the TP IDF weight method. For 

example, in nine categori es ex periment at 100 epoch, in both TF and TF*IDF weight methods, 

two mi sc lass ified news are exactly the same. The first news item co nta ins the features ' mereja ' 

(' u"L~" ) and ' faynans ' ('1.J'S'}(} ' ) and the second news item contains the features ' hey l' 

(' IIJ~A ' ) , ' bdr' (" IIJ':r.' ), ' EIEktrik ' (' h.,'I.t,:/·&h ') and 'bank' (' t('}h ') in both TF and TF*IDF 

we ight methods. 

Though there ex ists the fore mentioned similarity, one method register better accuracy than th e 

other by varyi ng epoch. The di fference in accuracy is du e to th e switching of the correctly 

c lassified and the incorrectly c lass ifi ed news items of categori es . For in stance, in six categories 

experim ent, 61.61 % of accuracy is recorded , whi ch is the least acc uracy for TF wei ght method; 

the misc lass ified news items be long to the categories ' ICT, Re ligious assemblies and reports, and 

Creati vity work ' . In contrary, for the TF*IDF weight method, best accuracy of 78.22% is 

record ed at th is ex periment. T he difference here is, the news items in the category ' ICT' are 

among th e correctl y class i fi ed news items except two news items. 

Table 4.23 shows the best acc uracy scored in three, six and nine categori es experiments and th e 

average accuracy using th e T F and T F* I DF we ight methods. 
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Classes News No. Accuracy 

TF TF*IDF 

Th ree 406 94.81% 69.63% 

Six 678 61.61 % 78.22% 

Nine 1463 70.08% 68.03% 

Ave rage 75.5% 71.96% 

Table 4. 23: Accuracy at Increas ing No. of Classes li nd News Us ing TF and TF*IDF \ ¥e ight Schemes 

From Table 4.23, it can be observed that in the three categories experiment, TF we ight method is 

better than TF*IDF weight method by 25.18%. But for the s ix categor ies experiment TF*IDF 

weight method is better than TF weight method by 16.6 1 % than TF weight method. The result of 

nine categories experiment test ifies that TF weight method scored better accuracy than TF*IDF 

weight method by 2.05%. The average of all the experiments indicates that TF weight method 

registered better accu racy by 3.54% than TF*IDF weight method . 

The main performance d ifference between the two weight ing schemes happens because of the 

range of va lues in the weighting schemes. In the datasets, 1'1' we ight value is between 0 and 5 and 

TF*IDF weight va lue is in the range of 0 and 45. Thi s affects the class ifier accuracy. Because, 

accord in g to Thul as iraman (2005), it is recommended to have maximum va lue of I and minimum 

value of -I for the input pattern of LVQ a lgorithm . This seems plaus ible for the greater accuracy 

result ofTF weight method than TF*IDF we ight method. 

4.9.5 Performance at Increasin g N umber of Categories and News 

As depicted in Tab le 4.23, us in g TF weight method the best accuracy is registered at three 

categories experim ent. T he least accuracy is recorded at the six categories experiment. The nine 

catego ri es exper iment, resulted accuracy lower than the three catego ri es but higher than the s ix 
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categori es experiment. Hence, we can say that the increase in the number of categories and news 

are not the determinant factor for the decrease of perfo rmance with regard to the LVQ algorithm. 

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

categori es experiment with less ( 1.6%) difference in the three categori es ex perim ent. The best 

accuracy fo r thi s we ighting method is reco rd ed in the six categor ies experiment. The three 

categories experiment resu lted in the second best accuracy. Like the TF we ight method, it can be 

said that the increase in the number of categories and news items are not the major faciors in the 

reduction of performance usi ng LVQ algorithm for the Am haric tex t classil·ier. 

The above description is the effect iveness aspect of perfo rmance based on the accuracy 

registered. When performance is seen from effi ciency perspect ive, there is an impact as the size 

increases both in category and number of news items. During traini ng, it has been observed that 

the time req uired for getting the output of the traini ng increases as the number of news items, 

categories and feat ures inc reases. 

4.10 Discussion 

The tex t news class ifi er for Am hari c is based on preprocess ing made fo r se lecting features wh ich 

can represent news. Tokenization produces the tokens generated from each news item. But the 

number of tokens is too huge, 5129, to be used as features, which is computationall y intensive. 

As a resu lt, preprocess ing methods such as stop word and number re moval, and stemming are 

made whi ch together helped to reduce the number of tokens by 188 1 or 36.48%. Even if 

substantial amount of reduction is achieved by the preprocess ing, st ill the num ber of tokens is too 

large, about 3258. Hence, dimens ion reductio n using Document Freq uency (OF) thresholding is 

95 



applied and final tokens wh ich can be used as features are se lected. Us ing dimension reduction 

technique 80 features are identifi ed when the numbers of featu res are summed; but that becomes 

69 when the features are merged to form matrix , the reduction is due to comm on features. Here, 

the matri x generated is using the featu res and, TF and TF*IDF va lue of each feature that is fed to 

LVQ lea rning a lgo rithm . 

The important th ing that is noticed in thi s stud y is unava ilabi lity o f standard tools which can be 

used to preprocess Amharic documents. If stand ardized stemm er and stop word li st are ready, the 

result of thi s study test ifies that co ns iderable reductio n of feat ures can be reached. 

After matri x is generated, experiment is carried out using TF and TF*IDF weight method. The 

resu lts of the experim ents witness that TF weight method is better than TF*IDF we ight method 

by 3.54% when the average of the three, six and nine catego ries ex peri ments is taken. As 

indicated, LVQ works better in a situati on whe n input patters are normalized between - I and I 

according to Thulas iraman (2005); wh ich may be the reason why TF outperform than TF*IDF. 

The normalized data has to be tri ed after the raw data is tried, which is the view followed in this 

study by co nsidering Russell, Eberhart and Shi (2007) suggestion. The raw data is tried and time 

limitation inhibits to try the norma lized one. 

As indicated in the analys is of all experiments, most of the misclassifications occur in all news 

items whi ch be long to a certa in category. To c larify, an example is taken from the nine categori es 

experiment using TF*IDF we ight method at 100 epoch. All the news items belonging to the 

categori es ' ICT, Art, Educat ional coverage, Religious assemblies and reports, and Creati vity 

work', are mi sc lassified. Where as on ly two news items are mi sc lass ifi ed in categor ies of ' Bank 

and insurance, and Mines and energy'. And all the news items of the categories 'Tourism 
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development and Weather forecast' are class ifi ed correct ly. The misc lassification of all news 

items in certain categories and the correct class ifi cation of all or most news items in certain other 

categories is the prob lem of ass igning enough number of hidden neurons or subclasses fo r 

catego ri es that their news items are misclass ifi ed. 

The hidden neurons determine the number of subclasses; subc lasses are the classes wh ich 

transform input data to target. If each category is not we ll represented by enough number of 

subclasses, its news items are misclass ified to a category with the highest number of instances or 

with the highest number of features accord ing to thi s study. The catego ries those their news items 

are not totally class ifi ed correctly are, categories that are not well represented by subclasses or 

may not have subclass representation at all. Hence, in classificat ion of Amharic news using LVQ 

algorithm, not representing each class with enough number of subclasses is the major reason for 

misc lass ifi cati on rather than the number of categories and news items. 

Se lf Organiz ing Map (SOM) learning method may improve the problem of hidden neurons 

(subclasses) number according to Kha lifa and et. a l. (2004).Both SOM and LVQ are first created 

by Kohonon, SOM is used in unsupervised manner to determine clusters. Whereas, LVQ works 

in a supervised manner; afte r subclasses are determined, which transform input data to the 

defined targets. Hence, the clusters obtained by SOM in unsupervised manner can be used as an 

input in creat ing LVQ network for the determinat ion of the number of hidden neurons 

(subclasses). 

In this stud y, it is found that keywords in one category may be found in another category; wh ich 

is one of the reasons for misc lassifications. For example, the term 'mnnr' (' 9"r.?"r.') is the 

keywo rd fo r the category 'Creativi ty work' but is found in the categori es ' ICT and Educational 
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co verage ' . If feature representati on IS based on phrase or ontology, each category may be 

represented and di scriminated well than the word level features. Phrases can di scriminate 

categori es than mere words are used. And use of ontology enables to define co ncepts and 

re lations representing knowledge about a part icular docum ent in domain specifi c terms according 

to Parali c and Kostia l (2004). 
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CHAPERT FIVE 

CONCLUSION AND RECOMMENDATIONS 

5.1 Conclusion 

The s ize of electronic documents is increas in g from time to time at an alarmi ng rate. The issue in 

this digital age is, how can we make use of the best from the mass ive avai lable information? 

Various researches have been conducted in different contexts to dev ise techniques which can 

enab le to change threats into opportunities, in th is case for wise use of informati on instead of 

in fo rm ati on overload. 

News items are among the info rmation prod uced and di spatched electron ica lly; grow ing in s ize 

as time goes on around the globe. Eth iop ia is not exceptional; in that, there are lots of e lectron ic 

news items created and di stributed. As the size of news items increase, utilization is affected 

bad ly unl ess cou ntermeasure is taken to maxim ize utilization . Classification is one of the 

methods that can be empl oyed to organize information for effect ive and efficient use. Manua l 

c lass ifi cation is hardly poss ible with the incredible increase in the vo lu me of data; as a result, 

automatic classificat ion is very important area of research specifically fo r Amharic since the 

language is techno logica lly unfavored. Th is research work contributes on thi s regard. 

Preprocessi ng, c lass ifier construct ion or bui lding and testin g are the major steps for the 

accompli sh ment of thi s study. Preprocessing the data is worked out before the datasets are fed 

in to the learni ng a lgorithm, Learning Vector Quantizati on. The fina l goa l of preprocessi ng is to 

produce a term by news matrix. 
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of each category with enough number of neurons is the major reason For the decrease in 

accuracy. On the contrary, prevIous researches on Amharic text classification, shows that 

co ntinuous decrease in performance as the number of news and categories increase. 

• This study shows that Learning Vector Quantization can be employed to automatic Am haric 

text classification but an integration of standard preprocessing techniques is crucial. Besides, 

clusterin g datasets before submitting to classifi er he lps to define optimum number of 

subclasses (h idden neurons) for each category. 

• Confusing words that occurs 111 more than one category affect c lassification performance 

negatively. 

• In the course of training using LVQ algorithm, it is Found that computationa l t ime increases 

as the number of news items, features and categories increases. 

5.2 Recommendations 

Th is study aims to see the potential app lication of Amharic text news class ification uSll1g 

Learning Vector Quantization and it is possible to construct classifier us ing LVQ-neural network 

algorithm. But the accuracy obta ined has to be improved. The recommendations given revolve 

around improving accuracy, facilitating Amharic text classification, or untouched problems 

re lated to text c lass ifi cation for Amharic context and recommendations fo r the agency, ENA. 

Stemmer: Standard stemmer that can be applied on Amharic is vital to decrease feature s ize. The 

result obta ined on thi s study is encouraging in reducing the s ize of features by applying stemmer. 

If standard stemmer is avai lab le, it can play great ro le in the reduction of features as a result 
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Subclass Determination: The determination of subclasses is not done using clusteri ng 

algori thms in th is study. Hence, c lu stering algo ri thms like Self organiz ing Map (SOM) can be 

used to find the number of subclasses (hidden neurons) that can be used as an input in the 

parameter setup for creating LVQ network. The use of clustering algorithms enables to use 

appropriate number for subclasses so that each category is represented with enough num ber of 

neurons for better c lassificat ion. 

Corpus Preparation: In other languages, it is very com mon to prepare corpus for research 

purpose; unfortunately, we are not lucky for not having standard corpus for Amharic text 

c lass ifi cation, as to the researcher's know ledge. Researchers can devote much t ime on thei r work 

if standard corpus is prepared for Amha ri c classification experiments like ' Reuters-21578 ' for 

Eng lish. 

Feature Preparation: The features that can represent categories are se lected us ing words in this 

study. But confusion occurred when the words are common across categories that resulted in 

misclass ifications. Hence, there is a need to undergo research on text class ification that cons iders 

features se lected based on phrases or usi ng onto logy. 

C lassification Types: The data on ENA SQL server ex hi bit hi erarchical in nature. As far as the 

researcher ' s knowledge, this problem is not researched for Amha ri c. So, thi s is potential area of 

resea rch. And some news items in ENA reveal the characteristics of more than one class. But 

ENA uses onl y single- labe l classification scheme. So, it is recommended for ENA to start 

implementati on of mu lti -label classification scheme so that the true characteristics of news items 

are ex hibited. Th is a lso helps researchers to undergo study on multi -label class ificatio n of 

A mhari c news. 
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ENA: Manua l class ifi cation is used in ENA till now. The results of Amharic text news 

classificat ion researches are promising. Hence, the company shall start to th in k the 

implementation on automatic class ification for Amharic news. 

Other Domains: As to the knowledge of the researcher, Amharic text classification is still tried 

on news items text only. Other areas, li ke classifying ' research papers', can be researched for 

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

I . How news are created in ENA and distributed for readers? 

2. In what manner the data are stored ? What amount of data is ava ilab le? If anything e lse related 

to the data, would you mined to elaborate? 

3. Currently, most organizations are becoming fami liar with information technology. What kind 

of techno logy do ENA use for managing news? For what purpose the use is/are? 
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Appendix 2: Amharic Characters ('Fidel')-&'~A (Zelalem, 2001) 

Order Labialized 
l SI I 2"" I J 1{' I 4" I 5'" I 6'" I 7" 

II ha I~ Ilu 'I, hi 'I Iw '/. he II h t1' ho 
t\ Iii ft, III fl. Ii ~ 1<1 t\. Ie A I A .. 10 '). (a 

.h l1a ,Il" htl ,h. hi .. It h 'l til. he r'h h .1, ho 
on m il O"'lntl (TIl, III i tJI/ m <l ("I. me :J" III 'II' 111 0 7m\\'a 

u ' sii ,,, Sli "~ si "l sa "I.. se .......... s ./' so 
t, rii 1, I'll t ri I.. r; t t., rc (; r:' ~r 

w a .. ro 
r) S;l fl, Sll r'~ s i .) sn I. se il s r' so I). 5\\'<1 

ri s ~ i ,~ Sli ;1. si ~' sa it se 'Ii S- ;"!' so i)'.s\\'" 
,~ qii ,~ ·t qi :J' qa ,~ :" 'I ·f (/~q 

w .. 
'~'q 

w· !J? q w ~~ I w 
''''''1 

w ~ 

'I" 'Ie tin a I a 'I e G 
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t. " tr 1I t, i >, il tL e >, 2 }, 0 

'" wii m. W II 't! wi 'P wa 'e we (II' w 9J WO 

(I " (~ 1I 'l,i l} a 01.. e II C )' 0 
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1\', =-} (tw 'L 0 " '~'g 
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" 
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e a _ 0 e c 
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T pi.i 'j; I'" '( pi ;I'pa 'b pe Tp /' po 
ti \' ~i ii' Vll (t, vi ',f va (t. ve :ii v ("I' vo 
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Appendix 3: Amharic Punctuation Marks (Atelach, 2002) 

No. Punctuation mark Symbol Purpose 
I The four dots or doub le co lon .. Mark end of a sentence 
2 Co lon : Separate words in a sentence: not 

common 
3 White space Separate words in a sentence: 

current pract ice 

4 Question mark ? Placed at the end of questions 
5 Exclamation mark ! Used at the end of sentences that 

show exc lamation 
6 Comma : Used like comma 

7 Semi-co lon • Used like semi-col umn , 
8 Three dots ... For de liberate om iss ion of words, 

phrases, or sentences 
9 Quotation marks «)} Used at the beginn ing and at the 

end of quoted word, phrase, etc. 
10 Parenthesis () To enc lose elaborat ion 
I I 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) 

6 :i 20 ?i 70 e .. 
.-

7 '!~ 30 U) 80 'If" 
" 

8 ~ 40 lit :i 90 " 
9 !1 50 

(' j 100 t 
J 

~ 

~r 10 60 ;~ 1000 ~ 
~ 
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Appendix 5: Amharic Script Translation to Latin Script for Preprocessing 
Purpose 

II he -;, ru )1'. VI ;;: Na 
fI Ie 0, su 'I; Ii " a 

". He ~'. xu :r: ei " ka 
au me ~h qu ,t 'hi "i Ha 
lJ,' se n· bu ~. m 'I' wa 
t. re h-: vu '~: Ni '} a 
0 se ", lu fl. I '1 za 
i'i xe :,; eu It ki 'Ir Za 
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'}, 'E ~ .. P ~ rWa .. 
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'J, gE fI" 10 :/: tWa 

" " 
£0, TE rh Ho 3' cWa 
CI:\!' CE (,ll mo ,~ .. hWe 

# # 
A. PE '/' so 5: nWa $ $ 
i\, SE {!' ro i:' NWa ,'. % % 
'/, 'SE (I so h .. kWe • • 
t.., FE i" xo !I. zWa ( ( 
'". pE .y, qo 1.1: ZWa ) ) 
II h (1 bo x... dWa 
fA (1 vo '~' 

'.~. jWa + + 

rl' H -y, to ~1" gWe = 

9" m .y. co f!l. TWa \ \ 

P' s ''I 'ho '9, CWa { { 

r. r 'j' no ~ PWa } } 

ft 'If No K SWa < < s 
'Ii >- f,: 

> > 
X 0 fWa 

.} q ~ ko ;J: pWa 0 0 
'n b 'ti Ho f"" qWll I I :n v ?' wo -~, hWu 2 2 
;" l' 0 Ii' kWu 3 3 
1', c I' zo 'I' gWll 4 4 
.~ 'h 'I" Zo ", ... qWi 5 5 
'} n r' yo -~" hWi 6 6 

1" N }!. do II·. kWi 7 7 
~, [ }f. jo '/', gWi 8 8 

h k 'I go * qWa 9 9 

"Ii H In To ~ hWa 
OJ' w Lt.l. Co 1;\ kWa 
() ' [ A Po '1 gWa 
'II z X So ;: qWE 
11' Z ? 'So :l hWE 
~ y G: fo ~, kWE 
,r: d ;r po ,7. gWE 
~ !I. IWa ~' 

J 1\ ea 
'? g "-!l. HWa .. 
' I' T ~z mWa 
or,' C '!/. 'sWa 
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ID. 

2 
3 
4 
5 
6 
7 
8 

10 
15 

16 
17 
18 
19 
20 

21 
22 
23 

24 

25 
26 

27 
28 
29 

30 
31 
32 
33 
34 
35 
36 

" 

Appendix 6: News Items Major and Sub Categories in ENA 

Category Category Description Category Description in Parent 
Code in Amharic category 

Amharic 
fI;1" Sport M'C1' No 

Ill. Health Ill. 'I No 

:" Education -hu iJC1' No 
;7' Pol itics 7' (1-1;1, No 
/"'fI National Politics ·flrh.?'/? /'M:I] 5 
/' · l" International Politics l, (Ill" ll'l' ", 'e /' (1-,:1, 5 
/' Test l, I ~:;: ~t.~' 4 
iJ· Secondary 1/'(1" ' :;: ~t.;{ 4 
h,ll Economy l,,tllj' °1, No 

Foreign Relation, defense and raJ' ·t" "/I 'f, (I :" 
I' security uuIJl\hJ''1 ~iJ/'I1' No 
"'IiJ Socia l "'I iJ (] (r '/? No 

tJ Culture and Tourism tlUA'I 'j,t 1/9" No 
iJ Law and Justice 11"/'1 'j:1'iJ No 
I')f, Science and Technology I') f. I fI 'I -/; Il'i' fI" :<r No 

Environment Preservation and rl,l]tJll, 1'(]:P'I rl,rC 
l,1] wether condition IH,;J, No 
l, Accident h~;J No 
nl\ Peace and Stability 01\9"'1 uut.;J ,?~ , 5 

Democracy and Good .~.'," h t, nS UlJ A 119" 
·'t Governance M-"''',~C 5 

Humaniterian and Democratic fIo(IM~'1 .<;. 'I" h t, n . .c"e 
MI Rights rm·fI·y·:f· 5 
9"r. Election 9" r. ""I, 5 

Discuss ions, Rules and OJ' ,r.,r. -y:·f, aJ'I')o,9':f.'1 
01' ,r. Regu lations l, '1J~':;' 5 
/'(1 Politica l Parties I' /'M;II :rC-1;9':r· 5 
/''fI', Politica l Appointment I' /'(1-,:11 'fI',uu:,' 5 

Agricu lture and Rural 
"I ' (] Development r"I'(]C'I'I 'ImC A "'11' 15 
l".~ Industrial Development I' h,/.<;,fI:,·t A flY:" 15 
unn Infrastructure Development runnt.-'· AU'I-l' 15 
1"1 Trade l"I .It: 15 
l"ii Investment l"liifl:j'uu'H' 15 
"'Ih, Micro Enterprise "'If.h(~ h:H·C'l't·f.11 15 
hr. Donation and Development hr..",;)''1 I'A'''I :,' 1'·(I·(lr. 15 
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Agreement 

37 "'ltJ Mines and Energy 
38 OJ' 'I Water Resource 

39 IJ'} Bank and Insu rance 

40 ~\.tJ Overa ll Economic Growth 
41 ,tt oJ} Diplomatic Relati on 

42 w'!· Military Mission 

43 'I Nation Stability 

44 w;:) · Military Training 

45 'o,n Terrorism 

46 aJ' ''} Foreign Confl icts 

47 Jb(J Citizenship and Immigrants 

World wide and Con tinent 
48 '}lI Activities 

49 (I au Disease Protection 

50 alII TB,HIV Aids 

51 MI Other Diseases 
52 IIU Cultural Treatment 

53 Ill, Children and Mothers Health 

54 (/I.~\ Health Service 

55 Ill,'" Health Institutions Construction 

56 111.11 Hea lth Profess ional s 

57 all)', Medicines and Narcotic Drugs 

58 VUIl Hea lth Tools 

59 £I0l} Ki ndergarten 

60 ~, J'. Elementary 

61 IJ· J'. Secondary School 

62 ,':h Technica l 

63 II·) ' Higher Ed ucation 

64 ,-,.:,. Distance Learning 

65 av .e No n Regular Education 

66 .'j. 'Ii Ed ucational Coverage 

67 ~'I Free Ed ucation 

68 UV'/. Teachers and Stud ents Affa irs 

69 au II Learnin o Methods 

122 

"'IM!:,}'1 ~dr.;q: 
rW"1 '1'n:,' 
IJ'} h '1 ~\:}il'. t· 'HI 

~\ 1n:J> 'I.e f' ~,Jl"'o "Y. 
tJJ':',:/· 
8, TlI· "'/(\.J"e °rr'i-~')' 
w:)' J'.t. 'P. -,. A tltl 
r'/1C .l':lnH·'1 
lI.,}'I'P.H· 
w:J ·J'.t·'p' (JAIn'1'1 
1''''/tJt.''! lS: 1:" 
'o'nc-/'1H 
I' {/I' "P,' "I "P,' ,y, :f·'1 
OJ'.e I' ,y. ,;;. 
Jb °1~.'j ·'1 (JJ'.-" ","1'· 
'M9" ~d'r,: C,' ~\U'I.t.'/: 
h'} 'P(; ?,:f· 
(I'O:J''} auh'lhA 
alfJ '1;1lS ~b:f' M'. iY, 
~b.et: (J 

lI.lI· :r· rrO:J-$I':r· 
'W'I'p. Uh9"'1 
f' II'/'1·)·'1 l,'1·f·:f· (/IS 
I' (/IS MA "Ill·') ' 
r (/IS -,. ~': "'I :" on fJ :J' 
I' (/IS II II Of" J' 9' 1'· 
rm .I':'1't. ·f· :f·'1 itJ'. ',:;, tJ}':r-
l'uh9"'1 uu<'!tJ'?'1'· 
nu 'I' tJ II 11'/'1')' 
~, '}J'.;;: J'.a; ·)·9"UC·)· 
IJ· fIrI' ;;: J'. t. ~. .'j. 9" II r. :,. 
r'f;h",h'1 (ID,.e .'j·9"IIC')· 
11'1>";;: ·)·9"Ur.:,· 
-,·II;:J-;j·.e'1 rc'H' 
:,.9" IJC.'j· 
m,J'. (I 7 J'AII'~ .'j· '/"UC:,· 
I' :,. 9"IIC .',. '01. '} 
r~'1 .'j·9"IIC:' · 'A!l:A 
f' nu 9"11 t· '} '1 f' -,. "7 t 9':r-
·I··I~ ~ 

r;'·9"IIC.'j· rm1'1:;' 

15 
15 
15 

15 
16 
16 

16 

16 
16 

16 
16 

16 
3 

3 
3 

3 
3 
3 
3 
3 
3 
3 
4 
4 
4 
4 
4 

4 
4 
4 
4 

4 
4 

I 
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" .1'.9'1' 
70 ':/'OlJ Learn ing Too ls (' :/. 'l"UC ;/. oul'JtJ' 9':1" 4 

Educational Institutions r;/· 'I"uc;/· ./.~:ml·)· 

71 :/'"1 Construction "nlJ:j' 4 
72 tV/· Women and Education /L·Ff·'J ')'9"UC;/' 4 
73 tL'/. Women Affair t'l,'f:.)"· '/ .. ., j~ 17 
74 IJw Youth and Young Affair ('U'I'J:" w(//·H·· '/ .. '\)'. 17 
75 f,'/, Phys ical Disabilities {' t, I-] A '/ .. 'H' .... , :1" 17 
76 f.t. Elders f,t.:)'1~ .n 17 

Profess ional and Socia l 
77 nn·U Associat ions (' 00.)''1 Ul/We "?Ullt··)· 17 
78 '.Y: Edroch , •. ~·c:-1·· 17 
79 ;J1j": Wedding and Divorce ;J'II;J:'J Ij":;~ 17 
80 AIJ Birth and Death AY,:"'J tL'J 1Jt.1j":·)· 17 
81 M. Human itar ian Donation t'l-fl A 'P. A <.-'1 ;I' 17 
82 f,t'l Employer and Employee f,t'lt'J t'lt-./ .... : 17 
83 fit, Unemployment flt· kl'~ ;/' 17 
84 t'lP Sex Disc ipline flO"" P;I ' 17 

Nations and Nationalities {"f1Y-C ·(JUt'lIJ':;·'J U'tIt I1 ' 
85 'II '(J Cul ture IJUA 18 
86 -):{ Bad culture -):{ A mlWe .~: e ./, ·r'1·· 18 
87 ·}C Antiques ~· Ct'>1· 18 
88 -).f1 Tourists Nn:9'1·· 18 
89 ·/,A Tourism Deve lopment r·/,t1l9" A "7:" 18 

Re i igious and National '/ j'.'''I<j' ;I"!: 'I 'flY-I.· '!: 
90 '/'n Hol idays II'}I\ :,. 18 
91 h.', Art h.'l'l'fHI 18 
92 ;J·t Histo ry ;J·th 18 

Religious Assembli es and '/ }.'.,,?c:' ;J"e ·/.I»h9':1'·'J 
93 '/'/. Reports ou .., fI ""I. 9' :r· 18 
94 r,: .(J Justice Affairs {'Ij"::"U 'm~e ./ .... Y·:1'· 19 
95 w,/· Crim e Affa irs rw'}~A ·/ .... n·· 19 
96 1J1. Constituti onal Affairs U 'Iou'} '" fl ;J' 'e 1··'1 Y·:1'· 19 
97 on·il Corrupti on no· fl 'I 19 
98 lie Genoc id e I' e "? 'I"V/, 19 
99 Ij":f, Judic iary Bod ies rlj": ·1-!1 t,I-]I\;/ ' 19 

Information and l,:}~C"'l 'Ii'}'J 

100 ll.'/: Communi catio n Technology /1 "p. ~.IL 'W} ./; hct fI":{ 20 
101 ou.(J Broadcastin g Agenc ies OU'I'J<;' .(J II· '/'} 20 
102 ,)" 1"1" Research and Study 9"C9"C'J 'r'J:" 20 
103 ti.fl Creati vity Work (' &.mt- flt-9' :1'· 20 
104 r :/· Weather Forecast rl,rC ;/"ill)' 21 
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105 flC Desertification 
106 Yo') Forestry 
107 .(~·C Wild Animals Protecti on 
108 )'dl Environmental Pollution 
109 M Environmental Greenery 
110 t,:,· Ath leti cs 
II I ~\~ Foot Ball 
112 IJ{) Traditional Sport 

113 1\, /I Other Modern Sport Types 
114 t .. J!.. Federations and Clubs 
115 'N, Natural Disaster 
117 I'tt'IA Man-made Disaster 
118 t,rm Disaster Prevention 
121 (Ih{) Box 
124 '1'41"'1 I n fo rmation 
125 ),{)'f Urgent 
126 {

Jml.(11 Ex pected 
127 uuYo(l Regular 

Source: SQL server of ENA 

(It. 'Inn ;" c; {J no."I'.~' 

au (,f,I . all C 

Yo'} A "'1·7· 
r ,'I·C ~\ ,}M-7' 'I'fl:!' 
O,II'In. '(lhl'l')' 
('t, 'l1J n. 6.";"C; m·IFf, 
t,;"I'1.',;h{) 
~\ "IC ~() 

lJu'\ 'e {);7'C;" 
l'I .flo·:j. I/ auc;'e (' {);I' r. .7, 
'} J~ ~·f· ~', 

t ... I!..t.'ii<;':r'c; hl'l(l:1', 
(' ," t. 'I' C!' ), Yo.'J 
(l(//. (It'-Ii AYo.'J 
t,Yoft aoh'\hA 
(It/{) 

'r4l"'l 
),M:~J~ 

r ''''.mIH' 
uu Yo (I ?,' 

124 

21 
21 
21 
21 
21 
2 
2 
2 

2 
2 
22 
22 

22 
2 
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Appendix 7: List of Affixes Removed from a Word 

Suffices Prefixes 

'I" II 

9"C;- ()t'I 

~ 0 

'} or 
'}\I" ~,'} Y. 

'}~ h'}Y.I' 

,\~ ~, r 
~,. h 

>, :';. mY. 

>, :)".9" my.r 
>,i'·'} I' 

>.;1::)"" 

>. ;I: :)". '} 9" 

w. 

fI' ;J: :,' (I) ' 

fI,;J!;r:OI:} 

fI';I: :,: w, '} \I" 

fI':r' 

fI';}::)"" 

fI':)""} 
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Append ix 8: Amharic Various Characters with the Same Sound and their 
Translation to one Common Form 

Characters with the Sa me Sound Translated to 
II , 'I , (h, A" "'-i and;) he 
11' , ,.h· and 6;. htl 
'I. , Ih. and ·t hi 
Y. , ( Ib and ' i. hE 
V, III and ..., h 
II' , ,h and -c.,o ho 
1)..1 and "" se 
t\. and IP. su 
t\. and uf. si 
<'i and U/ sa 
t\ and U/, sE 
fl and P' s 
(l and Y' so 
i'i and tr. xc 
~', and 'Ii xi 
'r and .~ Ne 
.~: and ",. Ni 
)'" )-" 0 and t} e 
h· and O' u 
)'\. and I}, i 
)., and ,\, E 
~\ and /) I 

>- and P 0 

UJ and !,I) we 
m. and (IJ ' w 
'1/' and ·Ir. Ze 
'U: and :k Zi 
f' and r.. ye 
(~ . and .e'. y 

:e: and ~ Je 
:or and ~: I ii 
1 and 'I" I 0 0 

(.1:1. and (;I;):' Ce 
cr.), and bp,' Ci 
~ and fl Sc 
7,. and 0· Su 
lI. and 1, Si 
l\ and 1 Sa 
l\, and 1, SE 
7,' and r) S 
X and }' So 
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