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ABSTRACT 

Rapid developments in Information and Communication Technology 

are making available huge amount of data and information. Much of 

these data is in electronics forms (like the more than billion 

documents in the World Wide Web). Usually these data do not have a 

standard structure like that of the relational database. Much of the 

data are unstructured or semi-structured and can generally be 

considered as a text database. 

Text databases are showing accelerated growth throughout the 

world. As the result, there is an active field of study in text mining to 

facilitate the extraction of u seful and relevant information from text 

databases. 

The text data In local languages is also increasing fast, requmng 

text-processing tools for text documents to be available in local 

languages. This is true for Amharic also, as can be surmised from 

the recent boom of online newspapers. magazines, data in electronics 

storage, etc . 

To facilitate the retrieval of useful and relevant information from 

Amharic documents, a number of researches on automatic 

processing of Amharic text have recently been conducted. This 

research work in Automatic Amharic Text Categorization is an effort 

to contribute in this direction. 

Automatic classification of text data requIres that documents are 

represented by feature words. Representing a document by relevant 

feature words is an important pre-processing step for automatic 

classification; it often determines the efficiency and accuracy of the 

classification. Standard pre-processing tools and methods are 

therefore very important for automatic classification . 



Because of the lack of standard in the Amharic writing system and 

unavailabili ty of Amharic text processing tools , the focus of the 

research was on developing a document-pre-processing scheme 

which facilitates for an efficient automatic classification of Amharic 

documents. 

To this end much a ttention was given to the processing of the source 

data by developing and enhancing the following tools. The tools are 

specific to the source data - Amharic news documents from ENA. 

• A tool to correct word spelling variations. Focusing on spelling 

variation due to pronunciation differences. 

• Enhancement to the suffix and prefix removal tool developed 

in a previous study, so that it can perform semantic analysis 

before stripping-off affixes from words. 

• A tool to correct word variations due to gender marker 

suffixes. 

• A tool to correct word variations due to number marker 

suffixes. 

• A tool to merge com pound words (when they may result In 

semantic loss if separated) written as separate words. 

The use of these tools (which enabled 10 to 30 % feature reduction) 

in addition to other tools and data reduction methods helped to 

analyze the huge source data (69,684 news items after data cleaning) 

and measure classifier performances. 

Because of the high dimensionality of the source data, classifier 

algorithms that are suitable for high-dimensional data, Decision Tree 

and Support Vector Machine (SVM) classifiers were selected for the 
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research experiment. The open source Weka package is u sed for the 

autom atic classification of the preprocessed data. Out of the many 

classifier algorithms available in Weka, the Logic Model Tree (LMT) 

and the Library of SVM (LibSVM) classifier s were used for 

performance testing. 

Both LMT and LibSVM classifier showed good classification accuracy 

correctly class ifying 79.72% and 8l.15% of the test instance into the 

15 news categories, respectively. However, the computational cost of 

the automatic classification was very high - taking several hours in 

high capacity computers (Computers with 5 12 MB RAM and 3.7 GHz 

speed). 

The classification performance measures indicate the need for 

additional works in developing tools and methods for mining 

Amharic data. 
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l.1 BACKGROUND 

CHAPTER ONE 

INTRODUCTION 

Technological advances are making available huge amount of digital 

da ta and inform ation . The rapid growth in stored data h as generated 

a n eed for new techniques and automa ted tools that assist in 

transforming the vast amounts of da ta into u seful information and 

knowledge [1 [. 

Specifically, text databases are growing very fast due to the 

increasing amount of information available in electronic forms, such 

as electronic publications, e-mail, and the World Wide Web. Text 

databases u se words to describe objects. The word descriptions are 

u sually not simple keywords but rather long sentences or 

paragra phs such as p roduct specifications, summary reports , notes 

and other docu ments . Text databases m ay be highly unstructured 

(such as some web pages), some text da tabases m ay be semi­

structured (such as e-mail messages), while others are relatively well 

structured (su ch as library databases). 

Most text data are semi-structured at best , which make the 

tradition al information retrieval methods inadequa te for efficient 

information u se. Typically, only a small fraction of the many 

availa ble docu ments will be relevant for a given u ser. Users 

therefore n eed text-mining tools to extract the informa tion they n eed 

from su ch documents [I ]. 
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Researchers are looking for better and better ways of using the fast 

growing huge amount of text data. Text mining is an active research 

area and people a re looking for tools and techniques to automatically 

analyze, categorize, summarize, and discover trends in text data [IJ. 

Text mining enables to extract useful or interesting patterns from a 

large set of documents. There are a number of important tasks in 

text mining such as clustering, categorization , and summarization 

[2[. This research focuses on text categorization, which deals with 

the problem of assigning predefined labels or categories to a text 

document. 

Text categorization IS a process involving the assignment of 

predefined categories to free (unlabeled) text data. With the rapid 

growth of online data and information, text categorization has 

become one of the key techniques for processing and organizing text 

documents. Text categoriza tion techniques are used to classify new 

stories, to find interesting informa tion on the World Wide Web and to 

guide a user's search through hypertext. Automatic text 

classification is a supervised learning problem involving inducing 

knowledge to classifiers from examples [3). 

A growing number of cla ssifiers have been applied for automatic 

classification of text documents including: 

• Support Vector Machine (SVM): a universal learner, which 

can be u sed to classify both linear and nonlinear data. It 

transform s the original data in a higher dimension, from where 

it can find a hyperplane for separation of the data usmg 

essential training instances called support vectors. 
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• Decision t ree (DTree ): used to select informative words based 

on an inform a tion gain cri terion. and predict categories of each 

document according to the occurrence of the word combination 

in the document. 

• Neural n e twork (NNet) : uses a perception approach (a 

separate neura l network per category to learn a non-linear 

mapping from input words) or a three-layered neural network 

approach (a network containing two h idden layers between the 

input and ou tput layers). 

• Naive Bayes: uses joint probabilities of words and categories 

to estimate th e probabilities of ca tegories given a document [lJ. 

Classifiers in general a nd specially those used for the experiment in 

th is research will be discussed in detail in th e next chapter where 

tools and techniques of classification are detailed. 

Text data classi fication I is a two-step process . The firs t step is a 

learning step wh ere a model is constructed (a classifier is built) by 

analyzing a tra ining dataset. Each document in the training dataset 

is randomly selected from the collection and has a class label 

indicating to which ca tegory it belongs. 

In the second step the model is used for classification. First the 

prediction accu racy of the model (or classifier) is estimated by 

selecting a test set of class-labeled samples that are independent 

from th e training dataset. If the training set is used to measure the 

accuracy of the classifier, the estimate would likely be optimistic, 

because the classifier tends to overfit the data (i.e., during learning, 

it may incorpora te some par ticular anomalies of the training data 

1 Categorization and class ifk:ltion are used imcrch.:lllgcilbly in this thesis. 
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that are not present in the general dataset overall). If the estimation 

accuracy of the classifier is considered acceptable, the classifier can 

be used to classify future text documents for which the class label is 

not known 11J. 

The first step of classification involves telling to the model the class 

of each document in the training set and is therefore known as 

supervised learning. Supervised learning is the main factor 

differentiating classification from cluste ring. Clustering 15 

unsupervised lea rning where the class label of each training sample 

is not known and the number or set of classes to be learned may not 

be known in advance ilJ. 

The construction and use of a model to assess the class of an 

unla beled sample or to assess the value or value range of an 

attribute that a given sample is likely to have is generally known as 

pre diction . The use of prediction to predict class labels can be 

defined as classification . Some of the applications of classification 

and prediction include credit approval, medical diagnosis, and 

selective marketing. 

1.2 STATEMENT OF THE PROBLEM 

Rapid developments in information and communication technology 

(ICT) are impacting the way people create, process, store, access and 

transfer data and information. The worldwide growth in lCT is 

having a major effect in the information access and usage habit of 

people in developing countries. Internet usage, for example, has 

reached 1,076,203,987 as of December 2006 showing 198.1% 

worldwide growth in a year, with the highest growth of 625.8% for 

Africa 14J. 

7 



The recent growth of lCT infrastructure in Ethiopia is resulting in an 

exponential increase of digital information being produced [5[ . The 

continual increase of locally available data will increase the demand 

for tools that simplify the extraction of relevant information. 

Developments a nd application of text processing tools and methods 

have so far been focused on English and to some extent on European 

and East Asian languages [51. Much work has to be done to develop 

processing techniques and tools for the languages of developing 

countries like Amharic. 

Amharic is one of the major African languages . It is the working 

language of the Federal Government of Ethiopia and widely spoken 

throughout the country. Amharic is an Afro-Asiatic language 

belonging to the Southwest Semitic group with its own unique 

alphabet [61. Huge and increasing volumes of electronic data are 

available in Amharic, which is observed on the growing online 

newspapers, websites, and digital storages in the language . 

It may not be long before users are faced with large volumes of 

Amharic text in the web and other media. In such scenarios, users 

will find it very diffi cult and frustrating to make efficient use of 

Amharic data unless they are aided by data processing tools for 

activities like searching, categorization and summarization of these 

documents. 

The task of developing tools for easy retrieval of relevant information 

is specially-challenging for Amharic because there are only few recent 

and un-coordinated efforts of automation and language processing 

works a t hand: Amharic Text Classification [7, 81, Information 

Retrieval [9 , 10, Ill. Amharic Word Parser [121. Amharic Stemmer 
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(Quoting 11 2]), and others . Some of these research works will be 

discussed in later chapters where the Amharic writing system is 

discussed. 

This research focuses on the problem of automatic categorization of 

Amharic texts. Since automatic text classification involves 

preparation of the source data before feeding it to a classifier, the 

work on automatic Amharic text classification involves: 

1. Developing tools or using existing tools for 

• cleaning the source data and selecting text representative 

words (a ttributes) 

• attribute relevance analysis to identify important 

attributes of documents for the classification task 

• data transformation such as weighting - to be applied to the 

level required by the classification task and the size of the 

preprocessed dataset 

11. Developing a prototype or applying off-th e-sh elf tools for 

a utomatic classification of the preprocessed Amharic text 

This thesi s work therefore focuses on the above two steps of 

classification and is an effort to contribute to the development of 

processing tools for Amharic text and finding an optimal Amharic 

text classifier. 
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1.3 OBJECTIVES OF THE STUDY 

1.3. 1 General Object ive 

The major objective of this thesis is to develop and adopt processing 

tools for Amha ric text classification and evaluate the performance of 

selected cla ssifi ers for Amharic text classification tasks. 

1.3.2 Specific Objectives 

To realize the a forementioned general objective, the stu dy 81ms to 

carryaut the following tasks. 

• Review li terature on the techniques of automatic classification 

of text da ta 

• Study th e Amharic writing system and its computer 

representations 

• Study existing tools for Amharic data processing 

• Develop and adopt tools of processing Amharic documents for 

classification purpose 

• Apply selected classifiers on a processed Amharic corpus 

• Evalua te the performance of the applied classifiers 

• Compare the performances of the applied classifiers 
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1.4 METHODOLOGY 

The following method s were employed to achieve the above stated 

objectives. 

1.4. 1 Literature Review 

Extensive study of available literature has been carried out on 

• The methods of effective information access techniques In 

general and a utomatic document classification in particular 

• Classifier algorithms and their application for classification 

• The basic features of the Amharic script and the existing 

computer representation of Amharic characters 

• Developed tools and techniques for Amharic data and 

information processing in general and Amharic document 

clas sification in particular. 

1.4.2 Data Processing 

The data source for the study is a nearly seven year's collection of 

Amharic news articles from the Ethiopian News Agency (ENA). which 

has more than 100,000 news items written using the Amharic 

Software Visual Geez Version 2.0 (VG2). 

The ENA news items were stored in SQL Server. The source data 

were then cleaned using manual inspection and automatic methods. 

Automated da ta cleaning and other pre-processing tasks were 

carried out u s ing th e Visual Basic Programming language . 

In pre-processing the news documents, it is assumed that a 

document is fully represented by the words in it. Furthermore, it is 
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assumed that the order of the words does not matter (document 

representation will be discussed in detail in Chapter 2). 

The data pre-processing carried out in this research involved 

developing and adopting tools for 

• Data cleaning which involves removal of repeated news 

items, manual classification of unclassified news items, 

r~moval of en try errors, etc. 

• Identifying a nd removing stop words and word affixes 

• Correcting for commonly missing letters in VG2 which 

sometimes occur during data conversion 

• Normalizing the different letters of the Amharic script that 

have the same sound 

• Correcting major spelling variations in words focusing m 

transli teration problems 

• Analyzing compound words to correct for inconsistent 

u sage of the compound words (the use of compound words 

sometimes as a single-word and sometimes as two or more 

word s) as well as to give consideration for the semantics of 

the compound words 

• Selection of relevant attributes (features) of documents 

Moreover the processed Amharic documents were collected in their 

pre-defined categories and the whole data changed to Arff (attribute 

reference file format) file form at, which is suitable for the Weka 

open source application package used for the automatic 

classification. 
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1.4.3Experim ent 

Automatic classification involves identification of keywords called 

feature words or attributes for representing documents. Huge text 

datasets can have millions of words representing the document 

collection in the dataset. However, not all words in the dataset are 

useful for automatic classification. Classification systems use s top 

list to avoid stop words from document attributes. Stop words - like 

a, the, oj, a nd for· are considered irrelevant for classification [1[. 

Moreover, some attributes may be irrelevant for a given classification 

task. For example, if the task is to classify news items to the major 

news categories, attributes such as the news creation date are likely 

to be irrelevan t. 

Automatic classifications often employ different methods of attribute 

selection. Observation of the preprocessed data for this research 

indicates that content· bearing words usually occur more than once 

in a document. Moreover, it is observed tha t words that are found in 

only one document in a category are usually non content-bearing 

words or anom alies created due to entry errors. In this research a 

word is selected as a document representative if it is not in the stop 

list, if it occurs more than once in a given document, and if it 

appears in more than one document in a category. All words of every 

category satisfying the a bove criteria are collected in the experiment 

dataset. 

After pre-processing, the experimental dataset is rearranged to the 

format suitable for th e Weka package that is used for the automatic 

classification. Weka requires the input data to be rearranged in an 

attribute we ight matrix before it is converted to Arff file format. 
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The preprocessed dataset is rearranged in an attribute weight matrix 

by 

• considering the whole dataset as a relation with word attributes 

• considering the attributes in the dataset as fields (column) of 

the relation 

• taking each document as a separate record or ins tance (row) of 

the relation 

• us ing the weight of attributes in a document as the value of the 

fields for the instance the document represents 

• cons idering class label s as nominal attributes in the dataset 

After the arrangement, the experimental dataset is converted to Arff 

file format, which is suitable fo r applying classifier algorithms 

provided by Weka. 

The Weka package provides several classifiers for automatic 

classification of the preprocessed dataset. The package also has a 

tool for comparing the performances of the different classifiers used 

in the classification. 

1.5 EXPECTED CONTRIBUTION 

This study is expected to provide 

• n ew tools fo r processing Amharic text data 

• enhancement to some of the existing Amharic text processing 

tools 

• empirical evidence of the effectiveness of selected classifier 

algorithms for automatic classification of Amharic documents 
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Although it is conducted on Amharic text corpus, the results of this 

study could easily be applied for any document collection in local 

languages that u se the Ethiopic script (Like Gurage, Harari, Tigrie, 

and Tigrniya) 

Generally apart from being an academic exercise to identify efficient 

classifier algori thm for Amharic text corpus, the study is expected to 

contribute to the active research area in the development of 

applications tha t man ipulate documents written in the Ethiopic 

script. 

1.6 ORGANIZATION OF THE THESIS 

The thesis is organ ized in five chapters. The fir st chapter gives the 

overview of the research, with the research problem statement, 

objectives and meth odology. 

In cha pter two detai l descriptions of major tools and techniques for 

automatic text categorization is given. 

Chapter three di scu sses the Amharic writing system with emphasis 

on the represen tation and processing of Amharic texts in electronic 

form a t. 

Chapter four presents the processing tools u sed and the experiment 

carried out for classification of Amharic news documents. 

Finally the research find ings and recommendations are presented in 

chapter five. 
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CHAPTER TWO 

TEXT CLASSIFICAION 

2 . 1 INTRODUCTION 

Human capabilities of both generating and collecting data have been 

increasing rapidly. Factors that contribute to the accelerated growth 

include the computerization of businesses, scientific and government 

transactions as well as advances in data collection tools ranging from 

scanned text and image platforms to satellite remote sensing 

systems. In addition, popular u se of the World Wide Web as a global 

information system has made access to huge amount of da ta and 

information possible /ll. 

The rapid growth in stored and transient data led to a great deal of 

interest in developing useful and efficient tools and software to assist 

users in finding relevant information. Text classification, which is a 

powerful technique for automating assignment of documents to 

categories, has been proved to be useful in helping organize and 

search text information on text data sources [131 . 

2.2 TEXT CLASSIFICATION METHODS 

Depending on the context of their application different approaches to 

text classification - ranging from manual category assignments to 

rule-based approaches, and to automatic classification - are 

employed. 
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Manual classification involves the use of trained professionals for 

classification. The method is usually used in category structures 

that are very general , consistent across individuals, and relatively 

static. Examples of such classification approaches include Dewey 

Decimal or Library of Congress Classification systems, Medical 

Subject Head ings (M eS H), or Yahoo's topic hierarchy [13[ . Manual 

classification has limited applicability because it is very time­

consuming and costly. 

Rule-based approaches (expert systems), similar to CONSTRUE 

developed by th e Ca rnegie Group , use manually developed domain 

specific or application specific rules. They make binary decisions 

about category membership and are typically difficult to modify [13[. 

Moreover such procedures are prone to biases and errors, and are 

extremely time -consuming and costly [1 1· 

Automatic classification is another approach, which uses inductive 

learning (machine learning) techniques to automatically construct 

classifiers using labeled training data. The first step in automatic 

text classificati on is identification of the attributes of a document, 

i.e., selection of words (features) of a document that can adequately 

represent the document [131· 

Text classification poses many challenges for indicative learning 

methods since there can be millions of word features. The resulting 

classifiers, however, have many advantages because: 

• they are easy to construct and update 

• they depend only on information that is easy for people to 

provide, information like examples of items that are in or out of 

categories 
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• they can be customized to specific categories of interest to 

individuals 

• they allow u sers to smoothly trade-off precision and recall 

depending on their task 11 3J 

Because of their ease of use and impressive results a growing 

number of statistical classification and machine learning techniques 

h ave been applied to text categorization including Support Vector 

Machines (SVM) ]31, Decision tree ]14, 151, Neural Network ]16, 171, 

and Naive Bayes ]14,15]. 

The text categorization approach used in this thesis is automatic 

classification supported by limited Natural Language Processing 

(NLP) techniques . Automatic text classification is therefore discussed 

in detail in the remaining sections of this chapter. 

2 .3 USES OF AUTOMATIC CLASSIFICATION 

Many information organization and management tasks make use of 

text categorization which is the assignment of natural language texts 

to one or more predefined categories based on their content ]13J. 

Text categorization ha s widely been used for automatically assigning 

subject categories to documents to support 

• t ext routing: for instance organizing documents by automatic 

filing of news stories under the sections of Sport, Health, 

Politics, etc. 

• t ext fil tering: like automatically blocking news stories that 

are not appropriate for children or classifying documents as 

relevant and irrelevant, etc. 
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Automatic classification can be u sed for information management 

tasks that are more dynamic and personal like 

• real-time sorting of e-m ails, i.e., using an e-mail filter to 

discard junk mail and further classify the useful mail into 

folder hierarchies corresponding to categories that are relevant 

to the user 

• topic identification to support topic specific processing 

opera tion s: Like using text categorization to automatically 

classify web pages under popular hierarchical catalogues. 

2.4 STEPS IN AUTOMATIC CLASSIFICATION 

Automatic text classification is a two-step process involving 

preparing the text data for classification (pre-processing) and feeding 

the processed data to a classifier. 

2.4.1 Preparing the Data for Classification 

Preprocess ing is important to improve the accuracy, efficiency, and 

scalability of the classification process . It is the first step in the 

preparation of documents to present them in a format suitable for 

classification. 

In general the following three pre-processing steps are applied: Data 

cleaning2, r elevance analysis, and data transformation and 

reduction [IJ. Details of each step are given in the following sections. 

2 Data, text data, and text documents are used interchangeably ill this thesis 
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2.4.1.1 Data Cleaning 

Real world data a re usually incomplete, noisy and inconsistent. 

Data cleaning is an attempt to fi ll the missing values, smooth out 

noise and correct inconsistencies 11 J. 

In the context of text classification, mlssmg values of major 

significance are missing class labels. If the class label of a document 

(in the training set) is missing the whole document has to be 

scanned and th e a ppropriate class value assigned manually. In this 

thesis the source data is scanned for news item s with missing 

category labels and when such news item s are found , the mIssmg 

class labels are manua lly assigned (whenever it is applicable). 

When manual assignment is not feasi ble (especially for attributes 

other than the class value) a popular data cleanin g stra tegy dealing 

with missing values is using the most probable value to fill in the 

missing value. The most probable value of an a ttribute may be 

predicted from the other non-missing attribute values with inference­

based tools u sing a Bayesian formalism. or decision tree induction 

[1 J. 

Noise is a random error or variance in a measured value. For text 

classification errors in assigning class labels (misclassification) need 

to be identified (for example, by inspection of misclassified 

documents during experimentation) and corrected before training a 

classifier for deployment [IJ. 

2.4. 1.2 Relevance Analysis 

Many of the attr ibutes of text data may be redundant. There may also 

be irrelevant attributes . Relevance analysis helps to reduce these 

redundant and irrelevant attribu tes from the da taset. 
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a) Document Representation 

For the purpose of automatic classification, a document can be 

considered as a collection of key word s. The key words are often 

called features or a ttributes of the document. Not all words in a 

document are considered as features. 

The desire to have algorithms that can improve classification 

effi cien cy while maintaining accuracy is driving the attention for 

dimen sion (feature) reduction techniques. Dimension reduction 

techniques can generally be classified into feature extraction 

and feature selection approaches. 

The tradi tional feature extraction algorithms reduce the 

dimension of data by linear algebra transformation (such as 

Principal Component Analysis (PCA)). On the other hand, 

feature selection algorithms reduce the dimension of data by 

select features from the original words of a document. Though 

the feature extraction algorithms have proved to be very effective 

for dimension reduction , the high dimension of datasets in the 

text documents often fa ils many feature extraction algorithms 

due to their h igh computational cost . Thus feature selection 

algorithms are more popular for real life text data dimension 

reduction problems 1181· 

During pre-processing one h as to select a s ubset of the words in 

a document that can adequately represent the whole document. 

Feature selection is often employed for finding representative 

subset words for a document. 

Feature selection often involves using a stop list to avoid words 

tha t are useless for classi fi cation (stop words). Feature 
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selection m ay a lso involve s t emming, I. e .• grouping word s tha t 

share the same word stem Ill · 

bl Feature Selection 

In genera l correlation ana lysis can be u sed to identify whether 

any two a ttributes are s ta t is tically related so as to rem ove one of 

the two if they are re la ted Ill · 

Specifically for text classification the text document is analyzed 

to find effici ent represen tative features for s ubsequent 

process ing. Redundant a ttribu tes can be identified and removed 

as a result of document analysis. Since word features are u sed 

to represent documents. variations in word forms are the m aj or 

sources of redundancy . 

Stemming: Natural language text s are ch aracterized by 

varia tions in word forms . The most common ways of creating 

word va ria nt are suffIx ing a nd prefIXing. In general. word 

varian ts m ay be caused by factors including grammar 

requiremen ts, na tional or local u sage. translitera tion . 

abbreviation , a nd s pelling errors. Stemming might be used to 

normalize word variants by rem ov1l1g affixes through 

identification of word-stems from full words 1191· 

In th is thes is, tools for removal of common prefixes and suffIxes, 

tools for correction varia tions due to trans litera tion . tools for 

correcting com mon spelling variation . and tools for normalizing 

different forms of words are adapted and developed - since there 

is n o a vaila ble Amharic s temm er . 

Stop Word Remov al: In case of irrelevant a ttributes in the 

da taset, a ttrib ute subset selection can be u sed to find a reduced 
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set of a ttribu tes while keeping the original data class 

distribution as m u ch a s possible [1[ . 

After a docu men t is processed and its features identified, 

differen t techniques a re u sed to select the featur es that 

adequately represent th e document for the purpose of text 

classification . 

Removal of stop words is on e method of feature selection. Stop 

words a re sometim es defined as fun ction words. Function words 

have importa n t role in grammar but carry little meaning. and 

therefore do not contribute much to categorization [20[. In 

addition of th e fu nction words like "an, "the", "of', "and", "is", and 

"not", dom ain specific (n ews specific) stop words are removed 

from the da taset in this resea rch. 

c) Document Modeling 

Different ways can be used to model a document in order to 

facili ta te ca tegorization. Considering the most popular approach 

- the vector space model - a set of d documents and a set of / 

terms 3, one can model each document as a vector v in I 

dimensiona l space /I ' , which is why this model is called the 

vector-space model. 

Let the term freque ncy be the number of occurrences of term t 

in the document d , which is freq(d,/). 

The (weigh ted) term-frequency matrix TF(d,/) measures the 

associa tion of a term I with respect to the given document d. It 

is generally d efined as 0 if the document does not contain the 

l lcmlS, features, key words :lrc used inlcrch:l.Ilgcably 
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term , nonzero otherwise. There are many ways to define the 

term-weighting for nonzero entries in such a vector. For example 

the Cornell SMART system u ses the following fo rmula to 

com pu te the normalized term frequ en cy (II . 

TF(d,t) = {
o 
1+ 10g(1 + log(ji-eq(d ,t ))) 

if ji-eq(d ,t) = ° 
otherwise 

... (2 .1) 

Thus relevance a na lys is can be u sed to detect a ttributes tha t do not 

contribute to the cla ssification rather th an slowing and possibly 

misleading the learning step . 

2.4. 1.3 Da t a Transformation a nd Reduction 

The text da ta m ay be transform ed by n orm aliza tion , which involves 

scaling al l values for a given a ttribute so that they fall within a small 

specified range such as 0 to 1. 

In the vector· space m odel, in a ddition to the frequen cy measure, the 

importance of a term I is measured by a scaling factor called inverse 

document frequency (lD F). If a term t occurs in many documents, 

its importance will be scaled down due to its reduced discriminative 

power . According to the Cornell SMART system , IDF(t) is defin ed by 

the following rela tion III 

1+ ldl 
IDF(t) = 100 --

o Id,1 ... (2.2) 

where d is the document collection (No, of documents in 

the collection ), and 

d
t 
is the set of documents containing term t 
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In a complete vector-space model, 1'F and IDF are combined together , 

forming the 1'1' - IDF mea sure 

TF - IDF(d ,I ) = TF(d ,I) x IDF(/) ... (2.3) 

TF - IDF i s u sed to calculate the normalized value of terms (featu res) 

of a document in a vector-space model. 

2.4.2 Documen t Class ificat ion 

Classification is a data analysis task where a model of classifier is 

built to pred ict categorical labels such as "Health" or "Education" or 

"Sport" for news documen ts . As described in Chapter I , document 

classification involves two steps - learning and prediction. 

2.4.2. 1 The Train ing Process 

In the learning s tep (training phase) a classifier is bu ilt describing a 

predeterm in ed set o f data classes or con cepts . Here a classifier 

algorithm bui lds the clas sifier by learn ing from a training set ma de 

up of instances (d ocumen ts) a nd their associated class labels. 

An ins tance X of a training set is represented by an n-dimensional 

feature vector X = (Xl""2" "' X,, ), depicting n measurements made on an 

in stance from /I attr ibu tes, respectively, A" A" ... ,A. [II· 

Each in stance , X , is assumed to belong to a predefined class as 

determined by another dataset a ttribute called the class label 

attribute . The class la bel attribute is discrete-valu ed and unordered . 

It is categorical becau se each value serves as a category or class. The 

training set is selected from th e da taset under analysis and is made 

up of individual train ing in stances . 
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2.4.2 .2 The Prediction Process 

The learning step can also be viewed as the learning of a mapping or 

fun ction y ~ fI x), that can predict the associated class label y of a 

given instance X. 

In order to avoid aver fitting (i. e . ta avoid incorporating particular 

characteristics of the trai ning data that do not represent the whole 

dataset) a tes t set is u sed for the prediction. The test set is made up 

of test instances that are randomly selected from the general dataset 

which does not include the training set. 

The accuracy of a classifier on a given tes t set is the percentage of 

test set instances that a l-e correctly classified by the classifier. The 

accuracy is calculated by compa ring the associated class label of 

each test in stance with the learned classifier's class prediction for 

that in stance. 

2.5 CLASSIFIER ALGORITHMS 

2.5. 1 Introduction to Classification Modeling 

In general, predictive modeling is used to predict the unknown value 

of a variable of interest given known values of other variables. 

Examples include providing a diagnosis for a medical patient on the 

basis of a set of test results, estimating the probability that 

customers will buy product A given a list of ather products they have 

purchased , or predi cting the class la bel of a new news item from the 

set of feature word s making the news[I[. 

In classification th e goal is to learn a mappmg from a vector of 

measurements X ta a categorical variable (class label) Y. The 

variable to be predicted is called class variable and it takes the 
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values in the set b'I' Y2' ... 'Y. }. The observed or measured variables 

{XI. X2 •.. . ,x,, } are referred as features or attributes. Therefore X is 

referred as an n-dimensional vector (i.e. taken to be comprised of 

n variables), where each component can be real-valued, ordinal, 

categorical, and so forth 12 11. 

In general, for clas sification th e training data consi sts of pairs of 

measurements, each consisti ng of a vector x(i} with corresponding 

class values y (i} , l S i S II. Thus th e goal of classification is to estimate 

(from the training data) a mapping or a fun ction y = l(x,O) that can 

predict a value y, given an input vector of measured values x and a 

set of estimated para meters 0 for the model I. 

where 1 is the functional form of the model structure 

0, are the unknown parameters within jwh ose values 

have to be determined by minimizing a s uitable score 

function on the data, and the process of searching for 

the best 0 values is the basics for the classifier 

algorithm 1211. 

2 .5 . 1.1 Framework of Classification Modeling 

Classification problems can be generalized into two different but 

related views that help explain the logic in the building of the 

different classifier models: Decision boundary (discriminative) 

viewpoint and probabilistic viewpoint 12 11 . 

Discriminative Classification and Decision boundaries: In this 

framework a classification model l (x ,O) takes as input the 

measurements in the vector X and produ ces as an output a class 

label from the set b,py" .. ·,y. ) 1211· 
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For example, con sider the nature of the mapping function for a 

simple problem with just two real-valued input variables Xl and x2 . 

The mapping produces a piecewise constant surface over the (Xl . Xl ) 

plane in region s where the plane takes class values like, y, . The 

union of al l such regions where Yl is predicted is the decision region 

for class Yl • 

Knowing where the decision region s are located in the (XPX2) plane is 

equivalent to knowing where the decision boundaries are between 

region s. Thus t he problem of learning a classification function / 

can be thou gh t of as being equ ivalen t to as learning the decision 

boundaries between the classes . 

Probabilis t ic Models for Classification: In thi s framework it is 

assumed tha t obj ects belonging to cla ss k have measurement vectors 

distributed according to some dis tribution or den sity function 

P(~y"o, ), where the 0, are u nknown parameters governing the 

characteris tics of cla ss y , [21J . 

For example , con s ider the two classes, males and females. Let 

P(y, ), k = I, 2 represent the probability tha t a t conception a person 

receives the appropriate chromosomes to develop as male or female . 

The p(y, ) are thus the clas s p rior proba bilities predicting the 

probabilities th a t individual i belongs to class y" if there is n o other 

informa tion, i.e., the P(y, ) represen t the probabili ties of class 

m embership before observing the vector X . 

Once th e P(.,jy" O, ) di stribution has been estimated (from the test 

set), Bayes ' theorem can be applied to yield the posterior probabilities 
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p(y.l x) = : (X1y. ,O)P(y. ) 

2>(xiYl, O,)p(yl) 
I·' 

wh ere I ::; k 5 1/1 

... (2.4) 

The posterior probabilities p(y.lx,O. ) implicitly carve up the input 

space X into III decision regIOns with corresponding decision 

boundaries . For example, for two classes (11/ = 2)the decision 

boundaries will be located a long the contours where 

p(y,lx, O,) = p(y, lx,O, ). 

2 ,5.1.2 Approaches to Building Classifiers 

Three fundamenta l approaches can be considered for building real 

classifiers. 

a) The discriminative a pproach: In this approach the attempt is 

to model the decision boundary directly, i.e., a direct mappmg 

from input X to one of /1/ class labels Y1'Y2.···'Y .. · Unlike 

probabilisti c approaches, here no direct attempt is made to 

model eith er the class conditional or posterior class 

probabilities . 

Examples of th is approach include neural network, support 

vector machines , and decision trees when the tree provides only 

the predicted class at each leaf. 

b) The regression approach: Here the posterior class probabilities 

p(y.lx) are modeled explici tly, a nd for prediction the maximum of 

these probabili ties is ch osen. 

Examples of the regression a pproach include nearest neighbor 

methods a nd decision trees if the tree provides the predicted 
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class and also the posterior class probability distribution at each 

leaf. 

cJ The class-con ditiona l approach: The approach explicitly 

models the class-cond itional distribution P(Xjy" OI) and inverts 

them along wi th estimates of pry, ) via Bayes' rule (Equation 2.4) 

to arrive at p(Yklx) for each class y •. 

Examples of th e class-co nditional approach include the 

Bayesian classifiers like the naive Bayes classifier. 12 1J 

Looking at classifi cation problems from these three approaches it 

can be noted th a t both the discrimi native and regression approaches 

focus on the differences between the classes, whereas the class­

conditional approach focuses on the distribution of the inputs X for 

the classes. 

All the methods are, however, related. Both class-conditional and 

regression models ul timately produce posterior class probabilities. 

However, the class-conditional method u ses Bayes' rule to calculate 

the posterior class probabilities, whereas the regression approach is 

not constrained to do so. Similarly, both the regression and class­

conditional methods contain decision boundaries to map inputs X to 

one of m classes. But unlike the discriminative classifiers, the 

regresslOn and class-conditional classifiers have to map inputs to 

classes within the constraints of probabilistic framework 12 11· 

2.5_2 Choosing Classifier Algorithms 

The decision of which classifier to use in this research was based on 

the discussion of section 2.5.1. 
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The choice of a classifier type depends on the nature of the problem . 

For applications like m edica l diagnosis it might be important that a 

classifier produces posterior class probabilities rather than just class 

labels. However , for datasets with high dimensions, the 

discriminative c1 assirier may work better, since it may be very costly 

to accurately es tim ate functions p(xly •• O. ) for high dimensional data. 

In general class iri ers that use class-conditional method s require 

fitting most pa ra meters (lead ing to complex modeling), those tha t use 

the regression method s require fewer fitting while those using the 

discriminative a pproach fewest of all 121 1. 

Since the experimental dataset of this research has many features 

(more than 3 ,000 unique a ttributes) a classifier that uses the 

discriminative approach (support vector) and a classifier that uses 

the regression approach (decision tree) are u sed for the automatic 

classification of Amharic news items. 

2.5 .3 Classifier Selection Criteria 

Two major factors th at affect an algorithm's performance in a 

classification task are: the algorithm's inference model and the data 

processing choi ces . Successful classification therefore relies on the 

right model and the right features 1201. 

The followi ng criteria from III maybe used IJ1 selecting a model for 

classification. 

• Ac curacy: The accuracy of a classifier refers to the ability of 

a given classifier to correctly predict t he class label of new or 

previously unseen data. 
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• Speed: Refers to th e computational cost involved In 

generating and using the given clas sifier. 

• Robustness: Is the ability of a classifier to make correct 

predictions given noi sy data or data with missing values. 

• Scalability: Refers to the ability to construct the classifier 

efficiently given large amounts of data. 

• Interpretabili ty: Refers La the level of understanding and insight 

that is provided by the class ifier. 

2.5.4Classifiers in Practice 

This section presents a detailed di scussion of two classifiers used in 

the research experimen t. One classifier that uses the discriminative 

approach - namely s upport vector machines, and a classifier that 

uses the regression approach - decision tree induction. 

The classifica tion methods discu ssed in this section are analyzed 

according to the above five criteria and are based on the discussion 

in Ill . 

2.5.4.1 Support Vector Machines 

Support vector machine (SVM) is a method which can be used for 

classification of both linear and non linear data. SVM uses a 

nonlinear mapping to tran s form the original training data into a 

higher dimens ion. Within this new dimension , it searches for the 

linear optim al separa ting hyperplane (a decision boundary 

separating the in stances of one class from another) . Data from two 

classes can a lways be separated by a hyperplane, with an 

appropriate nonlinear mapping to a sufficiently high dimension. The 
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SVM find s thi s hyperpla ne USing essential ins tances from the 

training set called support vectors 111 . 

Vladimir Vapnik and colleagues presented the first paper on support 

vector m ach ines in 1992 as referenced by 111 . Although the training 

time for SVMs can be slow, they are highly accurate, owing to their 

a bility to model com plex nonlinear decision boundaries. Their use of 

support vectors for identifying decision boundaries makes them 

much less prone to Dverfitting than the other methods. Moreover) 

since they u s ua lly a re s ubsets of the tra ining in stances the support 

vectors provide a com pact description of the learned model. 

SVMs can be lI sed fo r prediction as well as classification. They have 

been applied for handwritten digit recognition, object recognition. 

speaker identification and more other areas Ill . 

The following two classification problems provide insight on how 

SVM works: the case when the data are linearly separable and the 

case when the data arc linearly inseparable. 

The case when the data are linearly separable 

Considering the s im plest case of a two-class problem where the classes are 

linearly separable, 

Let the dataset D be given as (x"y,), (x"y, ), ... ,(x1' I'YI' I) 

where x; is the set of trai ning instances with associated class labels, 

)I; " 

Each y/ can take one of two values either + 1 or - 1, corresponding to 

the two classes: class- l and c1ass-2 respectively . 

i. e . y,e{+ I,- lj 
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Consider an example based on two input attributes AI and ~ as 

shown in Figure 2. I 

A2 

• 
• 

• 
• , , , . ' 

o 
o 0 

o 
o 

o 

o Class- I, y = +1 

• Class-2, y = - I 

Figure 2 .1 Linearly sep arable data with an infinite number of 
p oss ible sepa rating hyperplanes 

From the figure it can be seen that the 2- D da ta are linearly 

separable because a straight line can be drawn to separate all 

instances of class- l from al l instances of class-2 . There are an 

infinite number of se parating lines that could be drawn. The problem 

is to find the best line that wi ll have the minimum classification error 

on previously un seen instances. Note that for data with three 

attributes (3-D da ta) the problem would be finding the best 

separating plane. Therefore, in general for n-dimensions the problem 

would be to find th e best hyperplane. 

An SVM approach es this problem by searching for the maxImum 

marginal hyperplane . 
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Consider Pigure 2 .2, which s hows two possible separating 

hyperplanes and their associated margins. 

• 

Cal 
• 

•• 
• 

, ~ 

: E 
:.. '" , , 

01 

, 0 , , 
<0 0 0 

o 

o Class· ! , y =+ 1 

• Class·2, y =-1 

-t-----'--------'--'------ A I 

o Class I , y =+ 1 

• Class 2, Y = - J 

Figure 2.2 Two p ossible hyper planes and their associated margins 

Looking at Figure 2 .2 reveals that both hyperplanes can correctly 

classify all the given data instances. The hyperplane with the large 

margin is however expected to be more accurate at classifying future 

data instances th an th e hyperpla ne with the smaller margin . This is 
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why, during the learn ing phase, the SVM searches for a hyperplan e 

with the largest ma rgin - the maximum marginal hyperplane (MMH) . 

A separating hyperplane can be written as 

IV.X+b= O ... (2.5) 

Where IV is a weight vector, namely, W = {W., w2 •... • II'J where 11 IS 

the nu mber of a ttributes, and 

b is a scalar referred as a bias 

Consider two inpu t attributes, A, and A" as m Figure 2.2 (b). The 

training in stances are 2-D, like X = (Xl' Xl) , where Xl alld Xl are the 

values of attributes Al and A2 , respectively, for X. 

Taking b as an a dditional weight, w. , the sepa ra ting hyperplane m 

Equation (2 .5) can be rewritten as 

... (2.6) 

Any point tha t lies a bove the separating hyperplane thus satisfies the 

equation 

... (2.7) 

Similarly any poin t th at lies below the separating hyperplane 

satisfies 

... (2.8) 

The weigh ts can be adjusted so that the hyperplanes defining the two 

sides of the margin can be written as 
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This means any instance th at falls on or above H I belongs to class- l 

and any instance that fal ls on or below 11 , belongs to c1ass-2 

Combin ing Equation (2 .9 ) a nd Equation (2.10) one can write 

... (2.11) 

Any training instances that fa ll on hyperplanes 11, or 1-1 , satisfy 

equation (2 . 11 ) and ar e called support v ectors. They are equally 

close to the separati ng MM H [I ). 

Using a Lagrangian formul ation and solving for the solution us ing 

Karush -Kuhn -Tucker (KKT) condition, Equation (2.11) can be 

rewritten as a con strained convex quadratic optimization problem. 

Solving the con strained convex quadratic problem is required to find 

the support vecto rs and MMH and thu s train the support vector 

m achine. Su ch trai ned SVM, are cal led linear SVMs, since the MMH 

is a linear class . 

Thus the MMH can be wri tten as a decision boundary, based on the 

Lagrangian for mulation 

,. ,. '\' ,. 
d(x ) = L.. YPi XiX +bo ... (2 .12) 

Where y, is the cl ass la bel of support vector x, 

J/ is test in stan ce 

b" are numeric parameters determined automatically by 

th e SVM algorithm 

a i are Lagrangian multipliers and 

e is the number of s upport vectors. 
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Using the test instances .1/ in equation (2 .12) is how classification is 

done by SVMs. If the sign of the result is positive, then x' fal ls on or 

above the MMH, and SVM predicts that x' belongs to class-I. If the 

sign is negative, then x' fa ll s on or below the MMH and the 

prediction is fo r c1ass-2 Il l. 

The compact prediction model of SVM comes from the fact that the 

learned classifier is characterized by the number of support vectors 

rather than the dimens ional ity of the data. Hence SVMs tend to be 

less prone to overfitting than some other method s. An SVM with a 

small number of support vectors can have good generalization, even 

for a high dimensional data. 

The case when the data are linearly inseparable 

When the da ta classes a re not linearly separable the approach u sed 

for linear SVM can be extended to create nonlinear SVMs for the 

classification of linearly inseparable data. Such SVMs are capable of 

finding nonlinear decision boundaries (i.e. non linear hypersurfaces) 

in input space. 

Nonlinear SVM extends the approach for linear SVM using two main 

steps 

al Transforming the origina l input data into higher dimensional 

space using a nonlinear mapping and then 

bl Searching for a linear separating hyperplane in the new space. 

Thus getti ng a quadratic optimization problem that can be 

solved using the linear SVM formulation 

The maximal marginal hyperplane found 111 the new space 

corresponds to a nonlinear separating hypersurface in the original 

space. 
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Con sidering the foll owing exa mple of transform ation of an input data 

into a higher dim en sional space, a 3-D input vector X = (XI , X1. X1) is 

ma pped to a 6 -D spaceZ, u si ng mappings 

Q" (X) = x" <I' , (X) = x, , <I» (X) = x>, q,. ( X ) = (x, )', 

The decision hyperplan e in th e new space is linear an d given as 

d(Z ) = WZ + b, Where Z a re vectors 

Solving the above equation in volves choosing a nonlinear mapping to 

a higher dimen sional space and a subsequent costly calculation for 

the classification of test instant x' (refe r to Equa tion 2. 12). However 

there is a way of avoiding both. 

When searchi ng for li near SVM in the new higher dimensional space, 

the training instances appear only in the form of dot products 111 

Q'(X,).<I'(X
j

) , where <I>(X) is the nonlinear ma pping function 

applied to transform the training in stances. 

Moreover , a pplying a k em el funct ion k(X" X j ) i s found to be equivalent 

to computing the dot product on the trans formed data ins tan ces, i.e . 

k( X i' X;l = <1>(X i )·<I>(X;l ... (2. 13) 

Equa tion (2. 13) shows how both nonlinear m a pping and calcula tion 

on transformed data ca n be avoided . Afterwards the m aximal 

separating hyperpl ane can be found in a process similar to linear 

SVM, though the non-linear SV M involves placing a u ser-s pecified 

upper bound, C, on the Lagrange multipliers a i ' This upper bound is 

best determined experimenta lly . 
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Som e of the kernel functions that can be used to replace the dot 

product (See Equatio n 2-13) include. 

Polynomial kern el of degree h: k(X,X ) = (X, .. X ) +1)' 

Sigmoid kernel: k(X" X;l = ,,, ,,h (kX,.X) -8) 

2.5.4.2 Decis ion Tree Induc tion 

... (2. 14) 

.. . (2.15) 

.. . (2. 16) 

Classification us ing decision tree induction involves the learning of 

decision trees from class labeled training instances. A decision tree is 

a tree like structu re, where branches grow out of internal nodes and 

the tree ends with leaf nodes. Here the in ternal node denotes a test 

on an attribute, each branch represents an outcome of the test, and 

each leaf node hold s a class la bel. The topmost node is the root node 

[11 · 

Given an instance X for which the associated class label is 

unknown, the attribu te values of the instance are tested against the 

decision tree . Testing begins from the root, decisions are made at the 

branches and class pred iction is arrived at a leaf node. 

Decision tree classifiers can hand le high d imensional data. Their 

tree-like representation of acquired knowledge is instructive and 

generally not difficult for human understanding. The learning and 

classification steps of decision tree induction are simple and fast. In 

general decision tree classifiers have good accuracy [11· 
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Classifications by decision tree induction algorithms have many 

applications including areas slich as medicine, manufacturing and 

production , fin ancial analysis, astronomy, and molecular biology Ill . 

The pioneering decision tree algorithms were developed in the early 

1980s; 103 and its successor C4.5 (Quinlan) and CART (Breiman et 

a1 ., as referenced by JIll laid the cornerstone for s ubsequent works 

on decision tree in duction . 

Most algorithm s for decisio n tree induction adopt a greedy (non ­

backtracking) app roach in which decision trees are constructed by a 

recursive portion ing of the training set into smaller and smaller 

subsets. 

Decision tree algorithms differ from one another in how they select 

attributes in creating a tree and in the mechanis m they use for 

pruning, as di scussed in the following paragra phs Jl). 

a) Attribute Sele c tion : 

Attribute selecti on measure helps to find the best partition (for a 

given attribute selection measure) by selecting the criteria that best 

separates a given data partition, D, of class-labeled training data 

instances into individual classes. 

Attribute selection method provides a ranking for each attribute 

describing the given trai ning instances. The attribute having the best 

score for the measure is chosen as the splitting attribute for the 

given instances. Different attribute selection measures are used in 

decision tree induction including infonnation gain, gain ratio, and 

Gini index. 
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bl Tree Pruning 

It is not possi ble to completely avoid nOIse and outliers of the 

training data from th e branches when a decision tree is built. The 

resulting problem of overfitting data can be addressed by tree 

pruning meth ods. Pruned trees are usual ly faster and better at 

correctly classi fying previoll s ly unseen in stances, than un pruned 

trees. 

Prepruning and poslpruning are the two common approaches of tree 

prunmg. 

In prepruning a tree is pruned by halting the further partition of the 

subset of traini ng instances at a given node . Halting makes the node 

a leaf. The class label of the leaf could be the most frequent class 

among the s ubset instances . 

In postpruning a sub-tree at a given node is pruned by removing its 

branches and replacing it with a leaf. The class label of the leaf 

would be the most frequent am ong the sub -trees being replaced. 

cl Decision Tree Induction Scalability 

Decision tree a lgorithms like 103, C4.S and CART have restriction 

that the training in stances s hould reside in memory and are 

ineffici ent for datasets with very large training instances that do not 

fit to memory. Th u s more sca lable approach es, those that do not 

require swapping of the training data in and out of memory, are 

required . 

More recent decision tree algorithms that are scalable include SLIQ 

and SPRINT. Both a lgorithm s propose presorting techniques on disk­

resident data sets that are too large to fit in memory, and also define 

the u se of new data structures to facilitate the tree construction . 
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Other methods like RainPorest a nd BOAT (Bootstra pped Optimistic 

Algorithm for Tree Construction) furth er enhance the scalability of 

decision tree induction. 

2.5.4.3 Other Classifiers 

Other algorith m s that have been frequently u sed for classification 

include: Bayesian classifiers, Neural Network Learners and Lazy 

Learners. This section gives brief description of the classification 

techniques u sed by these algori thm s (I] . 

a) Bayesian Class ification 

Bayesian classifi ers are statistical classifiers, which predict class 

membership probabil ities like the probability that a given insta nce 

belongs to a particular class . 

Bayesian classification is based on Bayes' theorem and its classifier 

models include /la fue Bayesian classifier and Bayesian belief 

networks. 

Naive Bayesian classifiers assume class-conditional independence 

(i.e. they assum e that the e ffect of a n attribute value on a given class 

is independent of the valu es of other attributes). They are found to be 

comparable in performance with decision tree and selected neural 

network classifiers . 

Bayesian belief networks) unlike naive Bayesian classifiers, allow 

class condition al independencies to be defined between subsets of 

variables. Bayesian classifiers have shown high accuracy and speed 

when applied to la rge datasets. 
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bl Neura l Network Learning 

A neural network can be considered as a set of connected input­

output units in which each connection has a weight associated with 

it. In the t raining phase neural network learn s by adjusting the 

weights, which takes long training times. 

It is u su a lly di fficult for hu mans to interpre t the symbolic mean ing 

behind the learn ed weights and the hidden units of neural networks 

resulting in poor interpretability . 

Neural network s, however, have high tolerance for nOIsy data and 

they have been usefu l in pattern predictions. They have been applied 

for practical problems including handwritten character recognition, 

and training a computer to pronounce English text. 

cl Lazy Learners 

Classifiers which use the training data to build a classification model 

and wait readily to classify the tes t data are called eager learners. 

Eager learners include SVM, decision tree induction, Bayesian 

classification, and neural network learners. 

On the other hand a learner, which simply stores a trainee data and 

waits until it is given the test data to build a classification model is 

called a lazy learner. K·Near est ·Neighbor Classifier is an example 

of a lazy learner. 

Lazy learners can be computationally expensive for classification . 

They offer little explanation or in sight into the structure of the da ta. 

Lazy learners, however, support incremental learning. They are able 

to model complex decision spaces having hyperpolygonal shapes that 

may not be as easily describable by other learning algorithms. 
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2.5.5 Classi fie r Performance Measures 

In this thesis cl assifie rs are used for a u tom ated category assignment, 

i. e., for binary classi fi cation tasks. This section the refore focuses on 

binary classification performa nce measures. 

As discu ssed in Section 2.4 the accuracy of a classifier should be 

estimated from th e classifi e r 's performance on a test data and is the 

percentage of test set instances that are correctly classified by the 

classifie r. 

In general the category assignmen t of a binary classifie r can be 

evalua ted u s ing a confusion matrix which is a tool for ana lyzing how 

well a classifi er recognizes in s tances of diffe rent classes. 

Table 2. 1 sh ows a two-class confusion m atrix wh ich shows positive 

in stances (documents of the class of in terest, i.e., yes for classy. ) 

ve rsu s negative in stances (no for classY2) 

Table 2. 1 : Two Class Confusion Matrix 

Predict e d Class 

)' 1 )' 2 

)' 1 True positives False negatives 

Actual Class 

)' 2 False positives True negatives 

In Tab le 2. 1 true positives refer to positive in stances correctly labeled 

by the classifier , true negatives are negative instances correctly 

labeled by th e classifier, false positives refe r to negative instances 
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incorrectly labeled, and fa lse negatives are positive ins tances that 

were incorrectly la beled. 

In addition to accuracy the experimental data may require other 

performance measures like s ensitivity (reca ll), specificity, 

precision, error, F-measure, a nd ROC Area [11 . 

Sensitivity is th e proportion of positive documents that a re correctly 

identified 

1. e. Sens itivity (recall) = 1 - pos 
pos 

where t- pas is true positives and, 

... (2.17) 

pas is the number of positive documents 

Spe cificity is the proportion of negative instances that are correctly 

identified by the classifier 

S . f' . ., ---,'.:,:",,-8 peci ICI ty = - ... (2.18) 
neg 

wh ere t-neg is the number of true nega tives and 

neg is the number of nega tive in stances 

Precision is th e proportion of documents labeled as yes that t S 

actually yes instances 

. . __ -',_---'p"o::s __ PreClSIOn ::::: 
/- pos+ f - pos 

.. . (2.19) 

wh ere [-pas is the number of false positives 
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Now accuracy can be written in terms of sensitivity and specificity as 

ccuracy = scnslIl vlly +specijicily A ... ( pos ) ( neg) 
pos + I/eg pos + neg 

... (2.20) 

O l - pos+ I - lIeg r A cc u racy = '--..!::.:::":~-"::::l!. ... (2.21) 
pos + I/eg 

The error measu re gives the proportion of documents assigned 

incorrectly, i.e. 

Error = / - pos + r . neg 
pos + neg 

... (2.22) 

Usually a classifier exhibi ts a trade-off between recall and precision , 

i.e., when the decision thresholds in the classifier are adjusted to get 

a high recal l, the consequence is lowering the precision and vice 

versa. If the recall and precision of a classifier can be tuned to have 

an equal valu e, then this value is called the break-even point (BEP) of 

the system. 

The F-measurc IS defined in term s of recall and preCISIOn and is 

often used as an optimization criterion in threshold tuning for binary 

decisions [26]: 

(P 2 + J)(precisioll x recall) 
Fp(J'ccall , precisioll) = 2 .. ) 11 P (preclS/olI + rcca 

... (2.23) 

where P is the parameter allowing differential weighting of 

precision and recall 
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If recall and precision are given equal weight, Equation (2.23) will be 

simplified to give the ~ measure, i.e ., 

F = 2(rccall x precision} 
1 (recall + precision) 

.. . (2.24) 

ROC (Receiver Operatil1g Characteristics) curves show the trade-off 

between the true positive rate (sensitivity) and the fa lse positive rate 

for a given model. The area under the ROC curve is a measure of the 

accuracy of th e model [I]. 

For a given classifier, if for every true positive there is a counter false 

positive, the ROC curve approaches a diagonal line . The area under 

the diagonal is 0 .5. Therefore the closer the area (under a classifier 's 

ROC curve) is to 0 .5 the less accurate is the classifier, while the area 

under the ROC curve of a perfect classifier is 1. 

2 .5.6Classifier Ac curacy Evalua tion 

A number of different techniques are u sed to reliably estimate the 

accuracy of classifiers using the relations defined in section 2.5.4 

The techniques include holdout, random sam pling, cross-validation, 

and bootstrap. 

In the exper imental part of this research random sampling and 

cross-validation techniques are used. Brief discussion on each of 

these two methods is presented in this section. 

2.5.6. 1 Holdout and Random Sampling 

In the holdout method the given data are randomly partitioned into 

two independent sets: a training set (usually having 66% of the 

dataset) and a test set (wi th the remaining 33% of the dataset). The 
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accuracy estimate of the holdout method is pessimistic since only a 

portion of the training set is used to derive a classifier model II , 241· 

Random sampling repeats the holdout method a number of times 

and takes an overall accuracy estimate by averaging the accuracies 

obtained from each iteration . 

2.5.6.2 Cross-validation 

The cross-validation method can be generalized into two as k-fold 

cross-validation and stratified cross-validation: 

In k-fold cross· valida t ion the initia l da ta are rand omly partitioned 

into k mutually exclusive subsets (folds), 0" 0" ... ,0,, each of 

approximately equal s ize. In iteration i, partition D/ is reserved as 

the test set, and the remaining partitions a re collectively used to 

train the model, \Vhich \ViII continue for all k iterations. Unlike the 

random sampling method here each partition is used equal number 

of times for training and once for testing. Classification accuracy is 

estimated by dividi ng the overall number of correct classification 

from the k iterations by the total number of instances (documents) 

in the initial data 11, 241· 

In stratified cross-validation, the fold s are stra tified so tha t the class 

distribution of the documents in each fold is approximately the same 

as that in the in i tial data. 

Generally in pract ice s tratified IO-fold cross-valida tion is employed 

for estimating accu racy due to its relatively low bias and variance. 

The stratified to-fold crosS· val idation is used for all experiments in 

this research. 

49 



CHAPTER THREE 

THE AMHARIC WRITING SYSTEM 

3 . 1 INTRODUCTION 

This chapter gives a brief description of the Amharic writing system 

by focusing mainly on the electron ic representation of Amharic 

characters. 

Amharic is the wo rking language of the Pederal Government of 

Ethiopia and is spoken and written as a first or second language in 

many parts of thc country. 

Amharic, like other languages that use the Ethiopic script (Gurage, 

Harari, Tigre, and Tigrniya), use characters derived mainly from 

Geez. 

The Ethiopic script was firs t displayed on a compu ter around 1986. 

Who was the pioneer in this endeavor is controversial but one of 

th em was the then Ethiopian Science and Technology commission 

(ESTC). At the time the cha llenge in the computer representation of 

the script was developing a software package tha t can handle 

character design, keyboard layout and printer set-up. 

The pioneering work by ESTC started an enthus iastic rush to 

develop Ethiopic software by different IT companies and teams of 

individuals whi ch led to the problem of lack of standardization . At 

the present there are at least 35 Ethiopic software products 

available, each with its own character set, encoding system, typeface 

names and keyboard layout. 
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The recent development of the introduction of the Ethiopic range 

with the Unicode standard could help in standardizing the different 

incompatible software products. 

3 .2 AMHARIC CHARACTER REPRESENTATION 

Geez has been a language of li terature in Ethiopia up to recent time 

and is now u sed fo r the liturgy of the Eth iopian Orthodox Church . 

Written Geez can be traced back to at least the 4 th century A.D. The 

first versions of the Geez script included only consonants while the 

characters in the later versions represent consonant-vowel (eV) 

phonem e pairs [5[ . 

Amharic has borrowed most of its characters from Geez and thus the 

Amharic writing uses characters created by a CV fu sion . Sven 

vowels are u sed in Amharic each of which comes in seven different 

forms (orders) reflecting the seven vowel sounds 0; );. );. ); 'r.. 1. 1. ). 

That is each of the 33 Amharic characters has seven form s 

representing a conso nant and a vowel at the same time which makes 

the Amharic script syllabic . Th e fi rst order is the basic form and 

th ere are 33 basic forms giving 23 1 characters [22[. 

As examples, th e symbolic representations of the seven form s of the 

Amharic ch aracters n (be), '/ (ge), Yo (de) are as shown in Table 3.1. 
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-r------------------------
Table 3.1 Seven forms of Amharic Characters 

~ • • '" • 2 " 3" 4th 5th .th 7th 
0 • order order order • order order ordt! T order 
0 
() 

n rJ' n. I) n. ·n ~ 
the seven forms 

oU I 

Consonant-

rJ ·rrf. ' Ir~; , ·rn;, 'II}; ·rl};. ·n '11'1. vowel 

representation 

bU btl bi ba be B bo 
Represented 

sound 

'1 '/ , '/, . " 1 • "I "" 
the seven forms 

of '/ 

consonant-

'n; "/ }; , "Ii \, "I}; "J);. "I "11. vowel 

./ 
representation 

gil gu gl ga ge G go 
Represented 

sound 

/. ,Ii. ,. 
, '. " " r J~' 1'. the seven forms ... 

of .... 

consonant-

/. .r:)~ .l':"i~ . .l': ·h. .t': ); (,oJ .. L .r.: .'t:1- vowel 

representation 

d ii. du di da de D do 
Represented 

sound 

The Amharic FIDEL a lso includes 20 symbols for la bialized Velars 

(i.e. </1. .~ .. 11" '/" . each with flve orders) and 24 for other labial ization 

(Example ~. ':1. ,,: ." {./,I. ~ . (I:). The FIDEL th ere fore has 275 
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characters (letters) to be used in the writing system. Amha ric also 

has its own numbers (20 symbols) and its own punctua tion system 

where the sym bol , (hulet neteb) is used to separate words, the 

symbol' (netela serez) is used as a comma, the sym bol ; (dereb 

serez) is u sed as a semicolon, and the symbol " (arat neteb) is used 

as a full stop. The question and exclamation marks have recently 

been included in Amharic writing system 151. 

lt can be seen from Table 3.1 that the signs of the vowels have 

become an in tegral part of the Amharic letters so that it can be said 

that there are over 280 symbols in the script a lmost in dependent of 

each other. (Th e Amharic character lis t - The Amharic FIDEL - IS 

a ttached as Annex 1) 

3 _3 PROCESSING AMHARIC DOCUMENTS 

This research uses the automatic classification approach to 

categorize Amharic documents. The first step In automatic 

classification of documents is the selection of feature words that 

represent the documents. 

As there can be millions of words in text datasets storage and 

processing tim e costs require document processing for effici ent and 

reliable automatic classification. 

Document processing is therefore an important task to get features 

that adequately represent a document without being redundant and 

irrelevant. 

In this research the following characteristics of the Amharic writing 

system are cons idered during the processing of the Amharic 

documents of th e source dataset. 
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3 .3 .1 Cha racteristics of the Amharic Writing 

The characteristics of the Amharic writing system cons idered in thi s 

section are limi ted to those that are common to news texts. 

Character Re dun dancy: Amharic took the whole Ceez alphabet (a ll 

seven orders of the 26 symbols of Ceez) without considering whether 

all the 26 chara cters have meaning in the Amharic writing system . It 

then a dded som e more symbols for some other sound s tha t it has 

and that cou ld not be represen ted by the symbols of the Ceez 

alphabet. This unsystematic borrowing from Geez has resulted in 

redundant cha racters in th e Amharic PIDEL 1221. 

Table 3.2 s hows an example of the character redundancy where 

more than onc symbol is used for a given sound. 

Table 3.2 Amharic Characte rs with Same Sound 

Consonants Other symbols with 

the same sound 

IJ (hal '/ . " .II and ;) 

'1js31 I P 

~, (aL >, (I and f~ 

~ (tsa) /I 

Therefore, and by considering other similar characters only about 

233 of the 275 characters are actually necessary to represent 

Amharic 15], i.e ., by using only one character from a group of 

characters with the same sound. 

Spelling variations of a word would unnecessarily increase the 

number of words representing a document which could reduce the 

efficiency and accuracy of the classifiers. Amharic document 
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processing for feature selection should therefore normalize word 

variants (spelling differences) caused by inconsistent usage of 

redundant char acters. 

During the pre-processing stage of Amharic documents for this 

research, the di fferent forms of a character that have the same 

sound are ch anged to one common form. 

Table 3.4 shows exa mples of the different word spellings caused by 

the redundant characters. 

Table 3.3 Word Spelling Variations 

The Word in The Word Spelling Variants 
English in of the Word 

Amharic 

Work p-'t· fIt· 

Sun f}11t.1~ K/h.e! f}tJ.e: xtJ.e 

World ),ft 9" Oft?"! '~I\?IJ : )\1\9" 

Power 11.1'.1.1 '/ K-A ' ;} K-A 

Compound Words Usage: 111 the Amharic writing system , 

inconsis tency is often observed regarding the representation of 

compound words . Some compound words are used as a s ingle word 

in some instances (either by fusing the two words or by inserting a 

hyphen between them) and as two separate words at other in stances. 

Table 3 .4 shows some examples of the inconsistency in the use of 

compound words. 
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Table 3.4 Compound Word Usage 

Compound word Literal Compound 

used as a sin gle English word used as Literal English 

word meaning separate meaning 
words 

l, ,'), II>.II'1 Addis Ababa l, )UI MIll New nower 

') ' 9"uc,NJ..'/· School ') ' 9" IIC:/' II,') ' Education 

(:/'9"IIC')- -II':/' ) hou se 

"'P_'I" ',-,- ("'P'-'I" Ir;' ) Surgery -,-Jl.. '1" Ic,- Cutting and 
fIXin g 

Inconsistent u sage of compound words could result in redundant 

word features by creating more words when a compound word 

(example " "UI- ,,n'1) is trea ted as two separate words l, )Ul and l,nll. 

It may also result in a semantic loss by confusing a document about 

the city Addis Ababa ( ~"'UI-MI'1 ) with the one talking about the floral 

industry. 

Variations due t o Pron u nciations : u sage of foreign language words 

in Amharic (transli tera tion) is also found to be another source of 

word spelling varia tions. Observations of the ENA's news documents 

shows that in most ca ses in the writings of words adapted from 

foreign languages different writers use different spellings. The cause 

of the difference in the Amharic spellings of these foreign language 

words seems to be the di fference in the pronunciations of these 

words. 

For example, the word "'I. ·/;:»(:' {\" 'I:: (Meteorology) is found to have 14 

different Amh aric spellings in the source data. Table 3.5 shows 
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examples of spelling variation In the .. wrItmg of foreign words In 

Amharic. 

Table 3 .5 Word Variations due to Transliteration 

Foreign Word Equivalent Words in Amharic 

usage 

Meteorology "'l.-h: r·h-l( , "Y. ·l· Ji'C h-l( I "Y. ·)-Y·Ch-l( , 

"'t. 'I; ?'C fI.":(! "'1.-1:9'(': it"":! "'I. 'I; P'C': It. j{! 

"'l ·l ,p'Cf\":(: UO! ·)· (!,p·","j{ t u'l .l-(!' ?'{\"~: 

l"l ·l· tpJ(\" j(! ~L ·h~h·l( l "'t ·l'£: P'i\")[ ! 

111. '1: ?'C!' /I." J( ~ ""l'''-pl(': " .. J( 

Million " UI. r·'ll "Y.A V-'h "7.11. n 

Televis ion '/; t\.ii.1r'll 'I:t\..{j'fr '" 'I: t\..{j 1rh 

'I; t\. ii. 1rl 

Moreover there are word spelling variations that could be attributed 

to variations in pronunciations at different parts of the country, like 

for example u s ing the two words mrr .e and OlJ,e to mean 

temperament or u sing the three words m.'Hl'!, tlL't11'! and T'W.'! to 

mean beetle . 

Other Cases of Word Variations: Difference in word affixin g has 

also been observed to cause word spelling variations. For exam ple 

difference in suffixing would result in the two writings }'\)\!J"{':},\{/~ and 

~,',9u6: '/! to refer to human intellect while difference in prefixing 

would give the t,,·o writings t\ " 'H~· and ,.'H': to mean 'for one'. 
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3 .3 .2 Processing Tools 

In the processing of the source dataset for this research various tools 

have been developed to control redundant and irrelevant words that 

could have been taken as document attributes due to the 

characteristics of the Amharic writing system discussed in section 

3.3.1. 

The focus and depth of pre-processing requirement depends on the 

purpose of th e automatic classification problem [27J. This research 

focuses on automatic classification of Amharic documents. The 

special n ature of the Amharic language and its writing system, the 

lack of standard Amharic corpus, and the unavailabili ty of 

processing tools present unique pre-processing challenges. 

Neither full Amharic morphological analyzer nor Amharic stemmer 

was available (accessibleJ to this research. Therefore tools for simple 

word suffix an d prefix removal was adapted from the tool in 171 and 

enhanced to include semantic analysis to see the effects of the suffix 

and prefIx rem oval. 

Moreover various pre-processing tools were developed including 

those used to control 

• Word spelling variations due to pronunciation differences 

. f dundant Amharic characters • For the inconSIstent use 0 re 

(with some adaptation of the work in [711 

• Word variation s due to gender marker suffixes 

• Word variations due to number marker sufftxes 

• The number of words representing a document by removing 

stop words 
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• Inconsi stent usage of compound words 

3.4 COMPUTERIZING THE AMHARIC SCRIPT 

The data source for the experiment of this research is the Amharic 

news database of the Ethiopian News Agency (ENA). The news 

articles sampled are the daily news items of ENA spanning from 

January 2003 to June 2006. ENA's news items in the specified 

period are wri tten using the Amharic software Visual Geez Version 

2 .0 (VG2). 

The VG2 software has to represent the over 280 Amharic characters 

using the English language keyboard designed to recognize only 26 

letters. Th is means the Amharic software has to use key 

combinations for the characters in the Amharic FIDEL (i.e. the 

software has to consider most Amharic characters as a combination 

of two cha.racler~) . 

Moreover. the ASCII code does not recognize Amharic scripts and 

thus cannot assion numeric codes to the scripts. The Amharic 
" 

software therefore ha s to perform the necessary mapping of Amharic 

characters to numerical codes. Table 3.6 shows sample 

representation of Amharic characters in VG2. 
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Table 3 .6 Amharic Script Representation in VG2 

Consona n t '" 2" 3,. 4th 5th 6th 7th 
order order order order order order order 

Amharic script II II iI ' '/. ~ 't u U' 

VG2 
h h# £ , 

Y H Y representation 
, 

Amharic scrip t fI fI fl· fl. ~ fl. t.I fI" 

VG2 
1 1# I! § I@ L 10 

representation 

Amh aric script .1. .1. ,I,· • 1, . ' . .1. a • ." 

VG2 
I 1# I ! 

. I@ ? I representation 

The full representation of the Amharic script in Visual Geez Version 

2 (VG2) can be seen in Annex 2. 
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CHAPTER FOUR 

AUTOMATIC CLASSIFICATION OF AMHARIC TEXTS 

4.1 INTRODUCTION 

This chapter discu sses the data source for the research, the data 

processIng carried out, and the testing procedures foll owed for the 

automatic classification of Amharic documents. Moreover, the 

performances of cl assifier models used in classifying Amharic news 

documents wi ll be shown and the performances of these classifiers 

will also be com pared . 

As mentioned in Sections 1.4.2 and 3.4 the data source for thi s 

research is the news articles database of the Ethiopia News Agency 

(ENA). In thi s section the logic behind the choice of the data source, 

the data sam pling p rocedures used, and the extent of the pre­

processing carried ou t will be discussed. 

The processing involved for selecting category representative words 

out of the news items of a ca tegory will be explained. All major data 

processing activities performed on the data like stemming, spelling, 

gender, num ber normalization, stop word removal, and scaling will 

be detailed. 

The steps followed in the conversion of the preprocessed data to the 

ARFF file format, which is appropriate for use in the Weka 

application package, will be cxplained. The application of the Weka 

package to classify the Amh aric news items will be shown. 
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Finally the performances of SVM and Dtree classifiers will be 

compared on variou s scenarios (different sets of categories) and the 

comparison result analyzed . 

4.2 DESCRIPTION OF THE PRE-PROCESSING SUB-SYSTEM 
The pre-process ing step of the experiment involves word-level 

processing of the source dataset with the ultimate aim of iden tifying 

feature words that are representatives of the documents in the 

da taset . Thi s step also involves the conversion of the pre-processed 

da ta to Arff, which is suitable for the Weka package used for the 

automatic classification. 

The design of the pre-processing sub-system depicted In Figure 4. 1 

contain s only the major sub-system components. 
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Document Input 

... 
Identification of component 

words 

... 
Conversion of symbols with the 
same sound to common form 

... 
Removal of common affixes Controlling for semantic loss as 

the result of affix removal 

... 
Removal of stop words 

" 

9-
Identification and merging of 

compound words to single word 

... 
Correcting for word spelling 

variation due to pronunciation 

... 
Calculation of word frequency Calculation of the norm alized 
(within and across documents) weight of each word 

Selection of feature words 
represen ting a document 

... 
Conversion of the pre- Input to the Weka package for 

processed dataset to Arff automatic categorization 

Figure 4. 1 The general description o/the data pre-processing sub­

system 

63 



4 .3 PRE-PROCESSING OF DATA 

4.3 .1. The Data Source 

The Ethiopian News Agency's news database containing Amharic 

news item s from May 2000 to August 2006 is used as data Source for 

the experim e n t of this thesis. 

One of th e reasons for the selection of ENA's news database as the 

data source is the availability of large collection of new items most of 

which are labeled through an established manual categorization 

scheme. 

All in all 102,984 Amharic news items are found in the ENA 

database for the stated period of May 2000 to August 2006. Not all 

of these news items are useful for the classification experiment 

becau se of errors made during the data entry and the manual 

classification. 

Moreover, not all components of a news item are taken as a news 

document for the experiment. Observation of the structure of ENA 's 

news items shows that a Headline contains a concise summary of a 

news item and one can get the essence of the whole news from the 

Headline . In addition the other news components - the Keywords 

and the Slug - provide representative words and specific descrip tion 

of the focus area of the news item respectively. Therefore only these 

major elemen ts, i.e., the Headline, the Keywords and the Slug, are 

taken as r epresentatives of a news item [28, 29) . 
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4.3 .2 . Problems of the News Classification at ENA 

At ENA n ews items are manually classified into 16 categories with a 

nu mber of sub-categories under each of the categories. The 16 news 

categories and their sUb-categories are shown in Ta ble 4 .1. 

Table 4. 1 News categories in use at ENA 

Category No of sub-
No Category name categories code 

(Amhar ic) 

I ~}, aJ'i' 0,: "' 0 (Law and Justice) ,ll r,' r,: 13 

2 liLt; · I·(I.~' (Health) tn.""'I' 47 

3 '1' ~~ 0'l (Events Directory) 'I"Y. fl'l -

4 l}1\9"" }\'I'r;: 'J •• I~I'·:r (International 
%'/. 21 Relations) 

5 Of/un t ·f/? (Social Affairs) ~/')n 26 

6 'lUA .,.,': I" :"{. (Culture) 11/)1 '1· 13 

7 ·1It1,,6· f /! :)'1\-1:', (Politics) ./I:}'/\ 32 

8 "}·nCc,· 'I, ,': I" :'i- (Agriculture) "1-11'/' 2 1 

9 a"MhJ'~' O'I':j' (Defense and Security) UIJr,'A -

".e '}(} c,' ,1: h/j' fl." :1: 10 
Technology) 

(Science and uno,: 9 

11 fI .7'C·)· (S port) 1\;)" ) ' 39 

12 ')'9" UC:/' (Education) ·l-9"U 40 

13 ,. t"t tutH/ 
\. I . (Economy) )d ,t; 113 

14 )\ f... .:JJ":,-. (Accidents) MO.?' II 

15 f lWC fJ/ J.I~ (Weather) rM 6 

16 1\.1\":)" \' /..r: .~: ' j .e,'I'Y:.j'- (Other Classes) 1\.&.'1 4 
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The current news classification scheme at ENA has b ' . 
een In Use Since 

May 2000. The system, however, hasn't brought the service delivery 

to the level desired by ENA 123). Because of the observed non­

uniform application of the classification system and its impact on 

efficient service provision, ENA has conducted two in-house studies 

123) to iden ti fy the problem areas of the system and to suggest 
solutions. 

The major cla ssification problems identified by the study conducted 

in 2006 are: 

a) Problems with the news categories 

Lack of clear d istinction between some news categories 

For example confusion is often observed in differentiating 

the Agriculture and the Economy classes. Though to a 

lesser extent, the confusion is also seen in differentiating 

between the news items of the Social and the Health 

classes, the Social and the Culture classes, and the 

Politics and the Law and Justices classes. 

Consideration of the events directory as a news category 

The existing classification system considers the Events 

Direct o ry as one news category. In fact the Events 

directory is not a news category. It is kept for the purpose 

of reminding (alerting) reporters about coming news events. 

Thi s m isclassification has been causing problems in 

su bsequent activities on the news database like searching 

for a particu lar news item. 
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b) Classific a t ion errors 

There is no strict process to validate the categories given by 

reporters to the news items they are entering into the 

system. As a result, classification errors were found in 

n ews items that a re not difficult to classify. In this regard 

the Social Affairs category has been found to be the hiding 

p lace of many news items belonging to other categories. 

News items h ave been entered with class codes different 

from the 16 recognized in the ENA classification scheme 

(see Ta ble 4 .1 ). During data pre-processing for this 

research it was found that the Amharic news database 

con tains a total of 38 news categories. Table 4.2 shows the 

class la bels and data entry records (including records with 

n o data) of the 22 extra categories created due to 

classi fication errors. 

Table 4 .2 Errors Ente red as Main News Category in ENA's Amharic 
News database 

No. of records 

No Category (inclu ding 
co de empty 

records) 

No. of 
records 

No 
Category (including 

code 
empty 

records) 

1 'ioufi 305 12 II.? 187 

2 ,})" '" 1,11 4 23 M 15 

3 .TA 96 1 14 uuflP' 0 

4 11'1 -" P. 5,749 15 "i'I:h 198 

5 11,/ tJ 1,944 16 fIl'}A 651 

6 tI 'I.~ IJ' 2,720 17 fl:r 109 
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No. o f records No. of 
No 

Category (inc luding 
code empty 

re c ords ) 

No Category records 

code (including 
empty 

records) 

7 ~U 35 18 '/' 1/ 20 
8 '11M 3 12 19 ."J F.l, 1,853 

9 r,: r,: :/. 1,315 20 w') 82 

10 '/,fll/, 566 21 h.I> 777 

11 h") ~ 36 22 hrK 0 

c) Entry er rors 

A look a t the representative components of news items (The 

Headline, t he Keywords, and the Slug) shows data entry 

errors on these fields also. For example, 864 news items 

are entered without a Headline, while 504 with NULL and 

256 records with the '? ' character for Headline. Similar 

data en try errors are also observed in the other 

r epresentative components. Table 4 .3 shows the summary 

of these entry errors. 
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Table 4.3 Ent ry errors in representative components of news items 

New s Ite m No 

Component 
IS NULL LIKE '? ' 

Entry 

Headline 504 864 256 

Keywords 956 897 I 

Slug 0 539 1263 

4.3.3 The Sampling 

Because of the problems of ENA's news classification system 

discussed in section 4 .2 .2 the following steps were followed during 

the sampling of data for th e research experiment. 

Condition for sampling: At ENA all news items (Amharic and 

English) are stored in SQL Server database. The Table object holding 

the news items h as th e following fields: ID, NewsID, Headline, 

DateNew screated, Keywords, Classification, Slug, SubCclassijication, 

and FuliStory. 

Out of these fields the data on the Headline, Keywords and Slug is 

considered as representative of a news item. News items were 

considered for the study only if they have data for the Headline, for 

the Keywords a nd for the Slug. If data is missing in one of the three 

news sections the news item is dropped. 

Category selection: Out of the 16 categories used on ENA's 

classification system only 15 are considered for this study. The 

Events Directory (.,..r. " 'l) category is not used because the category 
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does not contain news items it only show (1 · t ) , S 18 S events, that are 

believed to b e potential news, for reporters consumption. 

Clearing misciassification cases' A lot of attenti·o . f . n was given or 

the identification and clearing of the misclassification errors. Since 

most of the classification errors are results of the lack of clear 

distinction b etween some of the categories [23[, automation efforts 

like clustering were not found effective. Manual scanning of news 

items was therefore used with the help of experienced professionals 

from ENA, a process which took a lot of time and effort. As a result , 

the followin g classification errors were identified. 

_ Entering the same news item to more than one category 

_ Entering a news item two or more times into one category 

_ Entering news items to categories that have no relation to the 

news 

After the iden tification of the misclassified news items necessary 

correction actions were taken during the sampling of news items for 

the experimen t, i.e ., duplicate news items were dropped for the 

sample. News items that were given a clearly wrong category label 

were removed from that particular category. 

For example, in the Social Affairs category, 7 ,123 data entry errors 

were identified. Out of which 128 are empty records, 25 are repeated 

news entries, and 6,970 are entries that do not belong to the Social 

Affairs category (i.e. classification errors). Out of the 6,970 

classification errors , 3,381 belong to the Events Directory while the 

remaining belonging to the Accidents, the Education, the Health, and 

other categories. 
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Similarly, a total of 1,859 records of the Economy category were 

identified as error (empty entry, repeated entry and misclassification 

errors) . 

Table 4.4 shows news items sampled for the study after correcting 

!he identified classification and data entry errors. After the dropping 

of the Events Directory ('I'.j' '''l) category, the remaining 15 categories 

are taken in the sample data. 

Table 4 .4 Sampled News Items 

Category 
No of News 

Category Name Items No Code Sampled 

I Law and Justice tll'ltt: 2950 

2 Health In.c,"r 6649 

3 International Relations qt,'I' 5459 

4 Social Affairs "Y'W 21741 

5 Culture lI,-ll'}' 775 

6 Poli tics 'Il.Tn 6789 

'I 'O'~ 4944 
7 Agriculture 

Defe nse and Security uvC;'A 186 
8 

Science and Technology u/l'j"; 629 
9 

~;J'C 334 1 
10 Sport 

,1-9"U 4944 
11 Education 

h.Il'r 9757 
12 Economy 

M'.?' 687 
13 Accidents 

,1)\0 333 

I 
14 Weather 
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No Category Name Category No of News 

Code Items 
Sampled 

15 Other Classes 1\.&.'1 500 

Total 69,684 

4.3.4 Data cleaning 

Since news items are represented by the Headline, the Keywords and 

the Slug a procedure is written in Visual Basic to take only the data 

in these fi elds from the records of the source data. 

The procedure collects al l records belonging to a given category in a 

SQL Server Table - A table for the Health class, another table for the 

Education class, etc. 

The sampling procedure checks for the following conditions to make 

sure tha t the sampling requirements are met. The procedure checks 

whether 

a category code is correct (i.e., the data is of the class 

under consideration). 

the data in the Headline, the Keywords, and the Slug 

satisfy the sampling requirements (no blank data in these 

fi elds) . 

records marked as duplicate or belonging to a different 

category are not sampled. 
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4.4 DOCUMENT PROCESSING 

Section 4 .2 detailed the data cleaning process which is one of the 

steps of document preparation for classification. This section 

discusses th e other steps that are important for the efficiency and 

accuracy of automatic classification, i.e., relevance analysis, data 

transformation, and data reduction. 

4.4.1 Re prese nting Documents by Relevant Words 

Since documents are considered as a collection of words for the 

purpose of classification, identifying words that adequately represent 

a document is important. A document can have many words but not 

all words of the document are equally important to uniquely identify 

the document. Thus words that are relevant representatives of 

documents (i. e . feature words) need to be identified. In this study the 

following m ethods are employed to select the feature words of 

docum en ts. 

Word identifi cation: The procedure for identifying the words in a 

document m al<es use of the Amharic word separators (single space, 

netela serez " hulet l1eteb " dereb serez I , arat neteb ", carriage 

return, line feed, tab, etc.). The procedure also deletes a hyphen 

between words to merge hyphen separated words (example hr,:t\ ­

h'l.ay) into a single word (h.,:t\lH·"Y). The same is done for a dot that 

a, . h dt'l9U
) is between words or letters (for example -,.9" IS C ange 0 

'd d as a document Collection of numbers is not conSI ere 

h 1999 is not considered a representa tive word (for example, t e year 

word). The deci sion to ignore numbers in feature selection is based 

b do not contribute to 
on the observation that usually num ers 

t from the other. Similarly 
uniquely iden tify one news documen 
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single-letter words of Amharic (for example "" ~ , etc.) are not 
considered as words. 

In the process of extraction of words from documents, the different 

Amharic letters that have the same sound are changed to a common 

form (for example, d. , , I" 'I , and ;} are all changed to U). 

Stop word re m oval: Words that are common in Amharic documents 

(like ~Ol', }. ~' , and 'InC) do not help to differentiate one document 

from another. Such stop words are ignored during feature selection. 

News specific stop words like ~\Il:J'OI"/' 'PA , .e 11~P'A , and '/'m" '/"/' are 

not considered fo r feature selection either. The feature selection 

procedure looks up to a table containing the 612 stop words 

(including n ews specific stop words) identified in this study and 

drops those found in the stop words table, from consideration for 

feature selection . 

Stemming: Va l-i eties of a word created by language requirements of 

affixing could result in feature words redundancy which in turn 

could reduce the efficiency and accuracy of the automatic 

classification. The procedure for feature selection removes common 

prefixes and suffixes to change word variants to one common form. 

For example, the follo wing four variants 1.1"'1,1''', AD?,} ')", A"H")"'Y", 

A mH"} Y"~' are changed to their base term 1.1'''1 ,1, ' lemat ' 

(Developmen t). Similarly the variants MY""', Mr')" , MY"')"Y", 

MY"')y" are chanaed to MY'''selam' (Peace), 
" 

The unavailab ility of full morphological analyzer for Amharic meant 

that the proced ure of prefix and suffix removal could not differentiate 

between real affixes a nd letters that are parts of an Amharic word 
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(i.e., th e procedure sim ply strips-off letters c 'd d 
ansI ere to be suffLXes 

or prefIxes fro m the word). 

For example , a s imple prefIx removal procedure would not identify 

that the letter h is not a prefIx in the word 11'1''''/ 'ketema' (Ci ty) or 

that the letter n is not a prefix in the word (];(.}. 'bejel' (Budget) . 

Similarly a s impl e suffix removal procedure will fail to recognize that 

the letter r,' is n ot a suffix in the word l.uo" 'damena' (Cloud) or that 

the letter 9" is n ot a suffix in the word l,M" 'a/em' (World). 

The solution given to this problem of fai ling to identify real affIXes 

from letters that are parts of a word is - adding some intelligence to 

the affIx removal procedure by building an affIx control database. 

The affIx con trol database is a collection of words whose letters 

should not be considered as either sumx or prefIx. 

Controlling spelling variation: Observation of the Amharic news 

words tha t h ave been spelt in different ways seems to indicate that 

the cause of th e spelling variations is the difference in the Amharic 

pronunciation of th e \vords . Most of these words are foreign words 

adapted to Amha ric. For example, the word exhibition adapted from 

the English langu age has been spelt in the following four different 

ways in ENA's news items: l b"I11.(].7i'l , h, "III,'fr~'j , ). "/II.(]:~·I , 

). "III, '(!'Ii'). 

Some Amharic \\'ords have different spellings due to the difference in 

their pronunciation on the different parts of the country. For 

, b ' h' h means character is found written example, the word tse ay \V Ie 

as o'l.e or as lIl(l.e .. 

h . table look-up to correct In the fea ture selection procedure t ere IS a 
, 11' rection focuses on word ,Or these spell ing variations. The spe mg cor 
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spelling variations due to transliterations W d . . . 
. or spelling vanatJOn s 

due to u sage d ifferences a t different localities ar aI . 
e so consIdered to 

some extent. 

Identifying c o m pound words: To some extent there is lack of 

uniformity in th e writing of Amharic compound words. A compound 

word is sometimes written as a single word and sometimes as two 

separate words . This non-uniform way of writing could result in 

semantic loss during document representation - thereby reducing 

the accuracy of document representation. 

For example , writing the compound word 'meker-bet' as a single word 

?"hC!L'} gives a meaning equivalent to a council. This word may 

lose its m eaning (in the context of the document that contains the 

compound "'lOrd) if it is written as two separate words 'miker' 9t1 hr. 

and 'bet' 0..:1' meaning advice and house respectively. 

To avoid the inaccuracy in document representation that might be 

introduced due to the non-uniform writings of compound words, the 

feature selection procedure converts compound words to a single 

word (using a lookup table fo r the collection of compound word s). 

That is, the feature selection procedure scans back to check if the 

current word and its predecessor are parts of a compound word. It 

then merges the current word with its predecessor if the two word s 

are parts a com pound word. 

4.4.2 Data t ransformation and scaling 

. tr t d as collection of the After feature selection, a document IS ea e 
. hid taset is a collection of representative feature words while the woe a 

documents. Feature word s representing a document are therefore 
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attributes of th e docu ment that are . glVen some value to reflect the 
degree to which they represent a document. 

In this s tudy document attribute values are calculated using the 

frequency of feature words in a document The fr . h . equency IS t en 

normalized a s shown in Equation 2.1 . The attribute values are scaled 

by the inverse document frequency factor (using the relation in 

Equation 2 .3) to reflect how uniquely an attribute represents a 

document with respect to other documents of the same category. 

Moreover, an attribute is taken as document representative only if its 

frequen cy in the document is greater than one (before it is 

normalized). 

For example, consider the two words fI"'IfL.r (Somalia) and ~t. ·/!·)· 

(Army) that are fo u nd in two different documents that belong to the 

Defense news category. Both words are taken as attributes of their 

respective n ews documents becau se fI"'IfL.P has a frequency of 4 and 

is found in 3 defense documents while r'lt.'e ')' has frequency of 3 and 

is found in 22 defense documents. The word fI"'In.'!' however has 

much bigger attribu te value (2.03969) than the word ~t··/!·)· with an 

attribute va lue of (0 .968088), since it is more discriminative. 

After feature selection ancl data transformation the unique attributes 

of each of the 15 news categories (i.e., the collection of the unique 

attributes of each of the news items of a category) are identified as 

shown in Table 4 .5 
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Table 4. 5 News categories d th . . an ell attllbutes 

No of 
No Category 

attributes No Category No of 
attributes 

1 Law and J ustice 412 9 
Science and 

Technology 176 

2 Health 779 10 Sport 397 
International 

3 
Relation 

1046 11 Education 454 

4 Social Affairs 1802 12 Economy 978 

5 Culture 192 13 Accidents 100 

6 Politics 894 14 Weather 37 

7 Agriculture 916 15 Other classes 154 

Defense and 
8 55 

Security 

4.4.3 Data Conversion 

After selection is complete and number of feature words per category 

are known th e next step is converting the dataset to a format 

appropriate for automatic classification. 

In this study the Weka application package is used to classify 

Amharic news documents . Weka is an open source data mining 

software developed at the University of WAKATO in New Zealand. 

The whole package is written in Java, so it can be run on any 

platform. The package offers three different interfaces. 

- A command line interface 

_ An Explorer CUI interface: which allows different types of data 

preparation, and modeling algorithms on a dataset 
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- An experimenter CUI interface: which all ' . 
. . ow runmng different 

algonthm s 111 batch and comparing th I e resu ts 124, 251 

Weka expects the source data for classificati t b . . . on 0 e In Arlf (or In 

CSV) format. Sll1ce the data processing for thO h . . IS researc IS done In 

Visual Basic wi th SQ L Server at the backend th t'b , e a tn utes of the 

news documen ts are in SQL table obiect A sample f th 
J • 0 e processed 

data is shown in Table 4 .6. 

Table 4.6 Sample Expe riment Data from the Defense Category 

I NO I DfWord I Freg,uencr I DocNo I DocFrg I Weight 

96 }\lJIl t', 4 79 2 2.25182377795 

90 (1"'/ ft .,C' 4 75 3 2.03969037574 

49 UJ;J· Y. t. · fl! 3 42 2 2. 18590975624 

158 u.e~" ·-f- 3 119 3 1.97998579448 

64 flO,!. 'Ii'i 3 54 4 1.83388041846 

168 uuh "t !IP 3 125 22 0.96808833446 

Therefore th e da ta in the SQL table have to be changed to Arlf 

format. In Arff form at the whole dataset is considered as a relation, 

in the same sense as the relational database. Each document in the 

dataset is an in sta nce (row) of the relation (i.e" a record with values 

for the a ttribu tes) while a ll a ttributes of the dataset are field s 

(columns) of th e relation . Moreover, the Arlf format considers the 

news categori es a s a ttributes (nominal attributes whose values are 

the category labels), 
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Conversion of the processed data to Arff h t erefore requires 
conversion of th e SQL table data to a type sh . T ownm able4.7 

T able 4 .7 Sample Arff file in t abul ' ar lormat 

~. ·"Lt 'r r"'~".Y 1lI:'-"1-.'r. Uf,fI"":(' 1' ''7."/S l No ..... h'lhl 
Numeric Numeric t\umeric Numeric 

Cia .. 

0 \ 

NUmeric Numeric Nommal 

1 2.251824 0 0 0 0 Defense 

2 0 2.039690 0 0 0 0 DefenR , 
3 0 0 2. 185910 0 0 0 Defense 

4 0 0 1 0 1.979986 0 0 Defense 

5 0 0 1 0 0 1.833880 0 Defense 

6 0 0 0 0 0 0.%8088 Defense 

4 .5 TESTING CLASSIFIER ALGORITHMS 

Once the dataset is converted to the Arff format, the Explorer GUI of 

Weka is u sed to test the performances of the selected classifiers. The 

Weka explorer has various options to preprocess the input data 

before the algorith m is applied for classification. Some of the pre­

processing opti ons that are relevant to this research experiment are 

summarized in section 4.4 .1 below. 

4.5.1 Preprocessing Options in Weka 

Working wit h attribut es: After choosing the Explorer GUI , 

wh en the input data is opened the Explorer shows the attribute 

list. The list shows the attributes of the opened Arff file, gives 

the detail of a selected attribute (for example, it gives the count 

of m issin a di stinct and unique values), more importantly it 
0' , 

gives th e option of removing attributes from the subsequent 

classi fication . 
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Working wit h Filters: The input data can be transformed In 

various ways using the fi lter functionality ,·n the 
Explorer. 

Numerous fi ltering options are available including: 

• Attribute filte rs which can be used to apply different 

m eth ods of attribute extraction like x ' , CQin-ratio, Qnd 

Information-gain. 

• 

Or attribute data transformation like changing 

n umeric value to binary, string to nominal, and also 

norm alizing attribute values. 

Installce {record} filters which can be applied to 

rcsampie instances or to normalize instances or to 

change non-sparse instances to sparse and vice -versa. 

Some of the popular feature extraction methods like x' , Gain-ratio, 

and Information-gain as well as some of the instance filters have 

been tried in the experimenting stage of this research. These 

methods, available in Weka, could reduce the high processing and 

time cost of th e classifier algorithms, without negatively affecting the 

classification accuracy. However, time constraints did not allow 

detail exploration of these methods (for reducing the computational 

cost of the automatic classification) for this research. 

4.5.2 The Ex periment 

Because of the high cost of processing time and processing power 

required by most of the classifiers, and because the experiment has 

to be repeated ten to hundred times (with parameter tuning for SVM 

I . I ·fi s the experiment was c asslfier) to get the best out of the c aSSI 1ef , 

done stage by s tage. The testing started with the data of five 
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categories, then the number of categories IS increased to ten and 

finally testing all fifteen categories. 

The experimen t was performed using the command line interface and 

the Explorer G VI of the Weka package. It was started with the five 

categories of Weather, Defense, Science, Accidents, and Culture. The 

five categories have a total of 429 attributes including one attribute 

for the category label (i.e., they have 28 attributes in common 

between th e three of them) and a total of 2600 instances (see Table 

4.8). 

Table 4 .8 The five categories with their attributes 

Cat egory Weather Defense Science Accidents Culture 

Weather 37 2 15 9 5 

Defense 2 55 13 10 22 

Science 15 13 176 22 36 

Accidents 9 10 22 100 13 

Culture 5 22 36 13 192 

t types of attributes: numenc The whole experiment dataset has wo . 
ds and nominal attrIbutes attributes for the weight of the feature wor 

for the class labels. 

For the reasons discussed in Chapter 2, the classifiers used in the 

. . Tree classifiers. experiment ar e SVM and DeCISIOn 
The Naive Bayes 
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classifier is a lso included in the exper,'ment 
. as a baseline for 

performance evaluation and comparison. 

4.5.2.1 Classification Using Decision Tree Classifiers 

Weka supports th e fOllowing decision tree induction classifiers: 

ADTree, BFTree, DecisionStamp, ld3, J48, LMT, MSP, NBTree, 

RandomForest, RandomTree, REPTree, and Simplecast. However , not 

all of these a lgorith ms could be used in the experiment. ADTree was 

not tried becau se the algorithm cannot handle non-binary class (the 

experimental data has nominal classes). Id3 cannot handle numeric 

attributes. MSP cannot handle nominal class. 

Testing for five Categories : 

Out of al l the Decision Tree classifiers that can work with the 

experiment data, Logic Model Tree (LMT) classifier showed the best 

performance. For the fi ve categories, the LMT correctly classified 

93.45% of the 2,6 10 instances. 

Summ ary statistics 

Correctly classified instances 2,439 93.45% 

In cor rectly classified instances 171 6.55% 

The testing on the dataset is done u sing lO-fold stratified cross­

Validation . We ka p rovides a number of options for measuring the 

f h· h the summary statistics, performance of a classifier, out 0 W Ie 

f . matrix are shown in Table detailed accu racy by class, and can USlOn 

4.9 for the LMT classifier. 
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Table 4 .9 : F ive categories LMT C f I 
on us on Matrix 

Weather De fense Science Accidents Culture 
321 1 2 4 5 Weather 

0 163 6 5 12 Defense 
3 7 574 1J 34 Science 
1 5 8 655 18 Accidenls 
7 9 15 18 726 Culture 

Looking ver tically at the value of a class in the confusion matrix, one 

can see th e in s tances of a category as assigned by a classifier. For 

example, looking the above confusion matrix shows that the LMT 

classifier h as correctly classified 32 1 instances of the Weather class 

(True Positives , TP) while 11 instances are False Positives (FP) . Each 

row of the con fus ion matrix shows the actual number of instances in 

a category. For exam pie, the confusion matrix shows that the actual 

number of in sta nces in the Weather news category is 333 (321 True 

Positive instances and 12 False Negative instances). 

Moreover, the confusion matrix can be taken as a data source for 

measures u sed fo r calculating the detail accuracy of each class, 

shown in Table 4 . 10 . 
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Table 4 . 10 Five categories LMT deta il d 
e accuracy by class 

TP FP F. ROC Precision Reca ll Rat e Rate 
Measure Area 

Class 

0 .964 0. 005 0967 0.964 0.965 0.980 Weather 
0.876 0. 009 0 .88 1 0 .876 0.879 0.963 Defense 
0.91 3 0. 016 0 .949 0.9 13 0.930 0.971 Science 
0.953 0.020 0 .945 0.953 0.949 0.972 Accidents 
0.937 0. 038 0 .9 13 0.937 0.925 0.953 Culture 

The selection of the LMT tree classifier as a best performer is based 

on only the accuracy (i.e., the number of news items classified 

correctly) of th e classifier. The selection does not consider classifier's 

performance with r espect to time and memory requirements. In fact, 

the LMT classi fie r is very slow. In a PC with 256 MB memory and 

over 3 GHz speed it takes several hours to build a model for the 10 

folds (i .e. , for the test option of lO-fold cross·validation of the data of 

the five categories shmm in Table 4.9 and Table 4.10). 

Out of the deci sion tree algorithms tested, the J48 classifier was the 

fastest requiring only 14.07 seconds to build the model out of the five 

categories data . The correc tly classified instances by the classifier 

are, however, 74 .11 % . 

Observation of the detailed category statistics shows that categories 

that have relatively larger number of instances per attribute have 

been classifi ed more accurately than the others. 

From Ta bles 4.4 and 4 .5, it can be seen that the Attribute-to­

Instance ratio of lhe five categories tested is as follows: Weather 

(0.111 , . 37 
l. e. ,-), 

333 
Defense 

. 55 
(0 .29 6, I.e., 186)' 80

' 176) 
Science (0.2 , I.e., 629 ' 
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Accidents (0.1 46, i.e., 100 ), and Culture (0248 . 192) 
687 . , l.e. _ . It can be 

775 
seen that Weather has largest instances per category, followed by the 

Accidents class, then Cultu re which is followed by the Science class 
, 

with the Defen se class having the smallest instances per cate 
gory. 

Looking a t th e True Positive Rate (TP) in Table 4.10, i.e., the 

instances correctly classified out of a ll instances of a category, it can 

be seen tha t the Weather class has the highest TP-Rate of 96.4% 

followed by th e Accidents class with 95.3%, then Culture (93.7%), 

then Science (91.3%) and Defense (87.6%). 

However, looki ng only at the TP-Rate for measuring the performance 

of a classifier (or the class prediction of a category) could be 

misleading. Other measures like precision, the F-measure (to 

optimize for either precision or recall), and ROC-Area (to see the 

trade-off between TF-Rate and FP-Rate) are also important measures 

of performance. 

Considering preCISIOn, recall, F-measure, and ROC-Area and 

observing th e detail class statistics in Table 4.10, it can be seen that 

the LMT Tree class ifie r consistently gives better performance in the 

categorization of th e Weather class, followed by that of the Accidents 

class, then Cultu re, Science, and least performance for the Defense 

class. 
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Testing for t e n Categories: 

Sum m ary statistics 

For the ten ca tegories the LMT correctly classified 89.98% of the 

6,368 instances whil e 10 .02% were classified incorrectly. 

Correctly cl a ssified instances 

Incorrectly classified instances 

Co nfus ion Matrix 

5,730 

638 

89.98% 

10.02% 

The confus ion ma trix for testing the ten categories is given in Table 
4.11 

Table 4 . 11 Ten category LMT Confusion Matrix 

weat defe Scie acci Cul t 
law Qth 

Sport Educ Agricu 
her nse nee dent u re ers ation lture 

88 1 2 0 0 5 3 1 4 6 weather 
0 42 0 1 3 3 2 4 2 4 defense 
2 0 167 3 9 6 3 3 8 7 science 
0 0 3 195 7 6 2 3 4 7 accident 
2 2 4 4 216 7 2 4 5 10 culture 
5 3 7 9 11 89 1 5 12 15 16 law 
0 0 2 6 4 10 113 9 9 12 others 
6 4 6 9 10 11 5 1016 17 19 sport 

3 1 6 8 11 14 6 20 1535 28 
educatio 
n 

11 9 20 19 20 23 17 20 26 1467 Agricult 
u" 

. tnx' e can see the True looking vertica lly in the confusIOn rna , on 

Positive and th e Paise Neaative values of each category. These values 
b . 

. . racy as shown 10 are Used to calcu late the detail classIficatIOn accu 

Table 4. 12 . 
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Table 4. 12 Te n c ategories LMT detailed accuracy by class 

TP FP 
Precision F- ROC 

Rate Rate Recall 
Measure Area Class 

0.800 0 .005 0 .7 ' 2 0.800 0.775 0.885 Weather 
0 .689 0 .003 0 .677 0.689 0.683 0.918 Defense 
0.803 0 .008 0 .770 0.803 0.786 0.940 Science 
0 .859 0 .0 10 0.768 0.859 0.811 0.945 Accidents 

0.844 0.0 12 0.742 0.844 0.790 0.938 Culture 
0 .91 5 0.016 0 .91 3 0.915 0.914 0.967 Law 
0 .685 0.0 07 0 .715 0.685 0.700 0.919 Others 
0.92 1 0.0 14 0 .930 0.921 0.926 0.971 Sport 

0 .941 0.0 19 0 .945 0 .941 0.943 0.971 Education 

0.899 0 .023 0 .93 1 0.899 0.915 0.961 Agriculture 

Looking at the TP- Rate, the Precision, the F-measure, and the ROC­

Area indicates that categories with relatively larger instances per 

attribute (Education, Sport, and Law) and categories with relatively 

large instances (Agriculture) are classified more accurately than the 

others. 

Testing for fiftee n Ca t egories: 

Summ ary statistics 

The LMT classifi er showed an average accuracy of 79.72% for a 

dataset of 22 999 ins tances and fifteen categories. , 

18,423 79.72% 

Correctly cla ssified instances 
4,576 20.28% 

Incorrectly classi fi ed instances 
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Table 4 . 13 Fifteen ca tegories LMT D t iI 
e a ed accuracy by class 

TP FP 
Precision F-Rate I~a te Recall ROC 

Measure Area Class 
0.600 0.002 0.611 0.809 0.697 0.847 Weather 0.410 0.001 0.431 0.656 0.521 0.759 Defense 
0.572 0.006 0.472 0.768 0.586 0.790 Science 0.604 0.006 0.481 0.781 0.596 0.794 Accidents 0.559 0.008 0.433 0.774 0.556 0.774 Culture 
0.775 0 .010 0.773 0.798 0.785 0.887 Law 
0.467 0.004 0.445 0.659 0.532 0.763 Others 
0.772 0.012 0 769 0.800 0.784 0.886 Sport 
0.831 0.017 0.793 0.874 0.832 0.908 Education 
0.744 0.01 8 0.760 0.780 0.770 0.876 Agriculture 
0.799 0.Q18 0.775 0.869 0.820 0.900 Health 
0.800 0.018 0776 0.810 0.793 0.887 Politics 
0.757 0.018 0732 0.780 0.756 0.869 Inter Rei 
0.804 0.019 0.81 0 0.870 0.839 0.910 Economy 
0.849 0 .024 0.900 0.91 1 0.905 0.940 Social 

Observation of the fifteen categories dataset detail statistics in Table 

4.13 reveals (from the values of the TP-Rate, the Precision, the F­

measure, and the ROC-Area) that for categories with relatively larger 

instances in the dataset as well as relatively large instances per 

attribute (Socia l, Education, Economy, Politics, and Health) the LMT 

classifier sh ows the best performance. Least accuracy of the 

classifier is seen for categories with relatively small instances in the 

dataset (i .e. Defense, Other classes, and Culture). 

-
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Confusion Matrix 

The accuracy m easures are calculated on the basis of the data shown in the confus ion matrix for 

the 15 categories in Ta ble 4 .14. 

Table 4. 14 Fifteen cate gorie s LMT Confusion Matrix 

weal defen scien accid cu\tur Ott1 educ Heal! Politi Inter Ecen Socia 
hec se ce enls e Law eco Soerl alien aqri h cs Rei omv I 

66 0 2 3 3 1 1 4 4 6 3 3 2 5 7 weather 
0 25 2 2 2 1 2 2 2 2 3 3 3 5 7 defense 
2 0 119 3 5 2 2 3 10 9 9 6 6 13 19 science 
0 1 4 137 4 5 3 6 6 7 10 8 6 12 18 accidents 
2 2 4 5 143 5 2 6 11 14 12 10 6 15 19 culture 
2 1 5 9 11 755 2 5 11 12 23 31 33 35 39 law 
0 0 4 3 5 5 77 2 5 7 7 8 11 13 18 others 
3 1 7 6 6 10 2 851 12 17 34 32 23 42 57 snort 
2 1 8 8 9 13 5 20 1356 28 35 34 24 38 51 education 
3 2 13 11 14 16 6 15 28 1214 48 55 62 70 75 a ri 
2 1 15 14 25 24 9 32 35 38 1753 37 42 60 107 Health 
3 4 10 15 27 37 13 18 29 38 56 1791 57 63 79 Politics 
4 6 11 13 19 22 13 32 40 39 47 58 1365 59 74 Inter Rei 
7 6 18 24 24 28 14 35 53 51 87 89 84 2590 110 Eeonomv 

12 8 30 32 33 53 22 76 107 116 135 142 140 176 6093 Social 
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4.5.2.2 Classification using SVM 

The Weka vers ion 3 .5 .5 used fo r the experiment comes with the 

following SVM classifiers: GaussianProcesses (RBF kernel) and SMO 

(poly kernel). Moreover, Weka supports an add-on SVM function 

library of SVM. 

The performances of only the Library of SVM (LibSVM) and the 

Sequential Mi nimal Optimization (SMO) classifiers were tested on the 

dataset because the Gau ssianProcesses function cannot hand le 

nominal classes . The SVM classi fiers require parameter tuning to 

find values a t which they perform best. They also require relatively 

long time for model building from the dataset. 

After testing the dataset with both the SOM and the LibSVM 

classifiers, the LibSVM classifier was found to be better with the 

following performance measures. 

Testing for five Categories: 

Summ ary statistics 

Cor rectly classified instances 2,485 95.21% 

Incorrectly classified instances 125 4.79% 

h dataset of five classes The LibSvm classifier was tested on t e same 

Used to tes t the decision tree classifier. The experiment was 
al·d tion The overall performed u sing l O-fold stratified cross-v I a· . 

. . C d to be 95.21 %, I.e., 
accuracy of the LibSVM claSSIfier was oun 
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1 
correctly classifyi ng 2,485 documents and miscJassifying 125 out of 
the total of 2,6 10 documents. 

Table 4 . 15 Five category LibSVM detailed accuracy by class 

TP FP 
Precision F· ROC Recall Rate Rate Me asure Area Class 

0.970 0 .003 0.982 0.970 0.976 0.987 Weather 
0.887 0.007 0.9 12 0.887 0.899 0.970 Defense 
0.949 0.013 0958 0.949 0.954 0.979 Science 
0.961 0.017 0 .954 0.961 0.957 0.977 Accidents 
0.955 0.025 0.943 0.955 0.949 0.969 Culture 

Observation of the detail accuracy for each category in table 4.15 

reveals that the SVM classifier also performs better for categories 

that have larger instances per attribute. Therefore , a relatively better 

classifier performan ce is seen on the Weather, Accidents, and 

Culture classes , foll owed by the Science and Defense classes. 

Co nfusion Matrix 

Table 4 .16 Five categories LibSVM Confusion Matrix 

Weathe r De fense Science Accidents Culture 
323 1 2 2 5 Weather 

0 165 I 5 7 9 Defense 
2 4! 597 9 17 Science 

1 4 8 660 14 accidents 

3 7 11 14 740 Culture 

. 4 16 firms the detail class The confusion matrix shown 10 Table. con . 

t determ,'ne the class level accuracy of the s atistical values u sed to 

classifier. 

-
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1 
With regard to th e perfo rmance measures of time and memory 

requirements , the LibSVM classi fi er was found to be faster than the 

LMT Tree class ifier. However the LibSVM requires several test runs 

and parameter tu ning to arrive at the best prediction values. 

Testing for t e n Ca tegories: 

For the ten ca tegories, the LibSVM classifier shows an average 

accuracy of 9l.36% fo r the dataset of 6,368 instances with 8.64% 

classifica tion error . 

Summ ary statistics 

Correctly classified instances 5,8 18 9 1.36% 

Incorrectly classified instances 550 8.64% 

Table 4. 17 Ten category LibSVM detailed accuracy by class 

TP fo P F- ROC Class Precision Recall Measure Area Rate Rate 

0.882 0.003 0.829 0.882 0.855 0.926 Weather 

0.705 0.003 0.71 7 0.705 0.711 0.926 Derense 

0.791 0.942 Science 
0.808 0.008 0.774 0.808 

0.852 0.958 Accidents 
0.877 0.007 0.829 0.877 

Culture 
0.859 0.756 0.859 0.805 0.942 0.012 

0.974 Law 
0.9 19 0.938 0.919 0.928 0.0 11 

Others 
0.733 0.71 5 0.724 0.926 0.715 0.007 

Sport 0.941 0.977 0.937 0.011 0.945 0.937 
education 

0.949 0.950 0.950 0.974 
0.950 0.018 Agriculture 

0.924 0.964 
0.9 15 0.023 0.933 0.915 
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For the ten ca tegories dataset, observation of the values of the TP-

Rate, the Precision, the F-measure and th RO . 
, e C-Area In Table 

4.17shows th a t LibSVM classifier also ha b 
... setter accuracy for 

categones wIth relatIvely larger instances in th d t . 
e a aset (EducatIon , 

Sport, Law, an d Agricultu re) and for categories with I . I re atlve y large 
instances per attribute (Weather). 

Table 4 . 18 Ten categories LibSVM Confusion Matrix 

Weal defe Scie accid 
culture olh Educ agricult 

her nse nee enls law Sport ers ation ure 
97 0 I 0 1 1 2 1 3 4 Weather 

0 43 0 1 5 1 2 3 2 4 Defense 
1 0 168 3 11 4 3 2 8 8 Science 
1 1 3 199 5 3 2 2 5 6 Accidents 
1 2 5 3 220 3 3 4 6 9 Culture 
3 3 8 9 9 895 5 11 13 18 Law 
0 1 3 3 5 5 118 6 10 14 Others 
4 3 7 6 5 9 6 1033 11 19 ~ 
2 1 7 5 10 12 7 12 1551 25 Education 
8 6 15 11 20 21 13 19 25 1494 Agriculture 

Confirma tion of the values used in the class detail accuracy, is given 

by the confu sion m atrix for the ten categories in Table 4.18. For 

example, th e True Positive Rate of the Education category IS 

calculated from th e data in the confusion matrix (Table 4.18) as 

fOllows : 

1551 
TP Rate = = 0.950 

(1+ I + 7 + 5 + 10+ 12 + 7+ 12 + 1551 +25) 
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Testing for fi ft een Cat egor ies: 

Sum m ary s tat istics 

The LibSVM classifier showed an average accuracy of 8l.! 5% for a 

dataset of 22,999 instances and fifteen categories while 18.85% of 

the instances were incorrectly classified. 

Correctly classifi ed instances 18,664 8 1.1 5% 

Incorrectly classified instances 4,335 18.85% 

Table 4 . 19 Fifte en categories LibSVM detailed accuracy by class 

TP FP 
Precision Recall F- ROC 

Class Ra te I~atc Measure Area 
0.645 0.002 0.664 0.645 0.654 0.826 Weather 
0.443 0.001 0.509 0.443 0.474 0.736 Defense 
0.692 0.005 0.535 0.692 0.604 0.799 Science 
0.744 0.006 0.537 0.744 0.624 0.809 Accidents 
0.746 0.008 0.508 0.746 0.605 0.798 Cu lture 
0.78 1 0.009 0.799 0.781 0.790 0.891 Law 
0.509 0.004 0.488 0.509 0.499 0.747 Others 
0.772 0.010 0.79 1 0.772 0.782 0.886 Sport 
0.809 0.016 0.790 0.809 0.800 0.892 Education 
0.760 0.017 0. 774 0.760 0.767 0.875 Agriculture 
0804 0.017 0.793 0.804 0.798 0.890 Health 

0.798 0.017 0.790 0.798 0.794 0.888 Politics 

0.787 0.017 0.757 0.787 0.772 0.877 Inter Rei 

0.807 0.018 0.823 0.807 0.815 0.898 Economy 

0.869 0.023 0.906 0.869 0.887 0.932 Socia1 

Observation of the detail statistics from the values of the TP-Rale, 

ROC-Area reveals thaI for IS the Precis ion the F-measure, and the 

, h LibSVM classifier (like the LMT categories (Table 4.19) dataset, I e 
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4 

tree classifier) shows best performance for categories with relatively 
er instances in the dataset as well as relatively large instances larg 

attribute (Social, Education, Economy, and Health) . The per 

classifier's accuracy lS least for categories with relatively small 

instances in the dataset (i.e ., Defense, Other Classes, and Weather). 
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ConCusion M a t rix. 

The accuracy measures are calculated on the basis of the data in Table 4 .20, for the confusion 

m atrix of the 15 categories. 

Table 4.20 Fifteen c ategory LibSVM Confusion Matrix 

~ - . 
weat defen scien accid Cultu Other educ agric Healt Politi Inter Econ Socia 
her so ce ents re Law 5 Soort ation ulture h cs Rei omv I 

71 0 2 2 3 1 1 3 4 5 3 3 2 4 6 weather . 
0 27 2 2 2 1 2 2 2 2 3 3 2 5 6 defense 
1 0 144 2 4 2 1 1 8 6 5 4 5 9 16 science 
0 t- O 2 169 4 3 1 5 3 3 4 4 5 11 13 accidents 
1 1 3 2 191 2 1 3 5 7 6 8 4 8 14 culture 
2 1 5 6 9 76 1 1 5 12 13 22 31 34 35 37 law 
0 0 3 3 5 5 84 3 4 6 7 8 8 12 17 others 
2 0 6 5 8 7 2 852 22 18 34 29 23 41 54 sport 
1 1 8 9 12 10 5 22 1321 36 34 35 24 54 60 education 
2 1 11 8 13 14 4 12 27 1241 47 53 61 67 71 a riculture 
2 0 17 19 23 24 9 37 39 45 1763 43 39 53 81 Health 
2 4 9 13 25 34 11 17 30 37 55 1788 63 65 87 Politics 
5 5 9 13 14 18 13 26 34 31 43 51 1418 54 68 Inter Rei 
7 5 21 29 28 30 16 36 59 56 73 78 65 2599 118 Economy 

11 8 27 33 35 40 21 53 102 98 125 126 119 142 6235 Social 
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4 .5.2.3 Comparison of the DTree and the SVM classifiers 

Section 4.S .2.2 shows the test on the classification accuracy of the 

decision tree (LMT) and SVM (LibSVM) classifiers. The testing is done 

separately for S categories data, then for 10 categories, and then for 

IS categories. 

It can be seen In the experimentally generated data that 10-fold 

cross-validation is used to test the accuracy of the classifiers for S­

category data. For 10-category and IS-category data however, the 

holdout method is Llsed (with 66% of the data used for training a 

classifier and 33% for performance testing) because of the high 

performance cost of both the DTree and SVM classifiers. 

Table 4.21 shows the summary of the average accuracy of LMT and 

LibSVM classifiers for the experiment with S, 10, and IS-category 

datasets. 

Table 4. 2 1 Average accuracy of LMT and LibSVM classifiers 

Average Accuracy Average Accuracy Average Accuracy 

Classifier for 5 -catcgory data for lO-category data for 1S-category data 

LibSVM 95.21% 9 1.36% 81.15% 

LMT 93.4S% 89.98% 79.72% 

Table 4.21 shows that LibSV M seems to give better classification 

accuracy in all the S, 10, and IS-category dataset experiments. The 

k . ed to test if there is a 
Experimenter of the Weka pac age IS us 

d'ff ce between the twO 
statistically significant performance 1 eren . 
classifiers. Th e Package provides the option of comparIson of 
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different classifiers. The Experimenter QUI or the command prompt 

can be u sed for the comparison. 

The two classifiers used in the experiment: The LMT and the LibSVM 

classifiers are compared for performance while the Naive Bayes 

classifier is used as a baseline. 

The testing was done fo r the 5-categories dataset, i.e., for an 

experiment type of IO-fold stratified cross-validation. The selected 

tester is the corrected paired T-Test (correcting for dependencies in 

estimates that may be biased to give a result showing significant 

difference). The comparison field chosen is percent correct (percent of 

instances classi fied correctly). 

The result of the comparison is analyzed using Weka showing the 

following results. 

Tcs te l': \\'cka . ex peri men t. PairedCorrectedTTester 

Analysing: Perccnt~correct 

Datasets : 1 

Resul tsets : 3 

Con lldcncc: 0 .05 (two tailed) 

Dataset (3) bayes I (I) funct (2) trees 

AmhaicNc\vs (100) 73.33 I 95.44 v 93.21 v 

---- ----- - ----- - ------ -----------------------------_ .. ------

(v/ /') I (1/0/ 0) (1/0 / 0) 
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Key: 

(1) functions. LibSVM '-S a -K 2 -D 3 -G 0.1 -R 0.3 -N 0.5 -M 40.0 -c 
1.0 -E 0.0010 -P 0 .1 ' 14172 

(2) trees.LMT '-1-1 -M 15 -W 0.0' -11132124596 18 104943 

(3) bayes. NaiveBayes " 599523 120 1785697655 

Th e symbol v indicates that a specific result is statistically better 

than th e baseline schem e. Therefore, the comparison result shows 

that b oth LibSVM an d LMT classifiers h ave shown significantly bette r 

classification accuracy (at the significance level of 0.05) than the 

baseline clas sifier . 

Com pariso n be tween the LibSVM a nd the LMT classifiers 

Tester: weka,experiment,PairedCorrectedTIester 

Analys ing: Percent_correct 

Datase ts: 1 

Resu ltsets: 2 

Confidence : 0 .05 (two tailed) 

Dataset (1) trees I (2) functions 

------------- -- ---- --- -- -- ------ - -----------------

AmharicNews (100) 93.22 I 94.45 

---- --- --- - ------ -------------- - -----------

(v / 1') I (0 / 0/ 1) 

Key: 

LMT 'I I M 15 -\" 0 0' _111 3212459618 104943 (I ) trees. - - - , . 
. , 2 D 3 -G a 3 -R 0.0 -N 0.5 -M (2) funetions .LlbSVM -S a -K - . 

40.0 -C 1.0 -E 0.00 10 -P 0. 1' 14172 
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The classification accuracy comparison test between the LibSVM and 

LMT classifiers so\\'s that there is no statistically significant 

difference betwcen the two classifiers. 

Tests for th e datasets of 10 and 15 categories also showed that there 

is no sta tistically significant performance (accuracy) difference 

between the LibSVM and LMT classifiers. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMANDATIONS 

5 . 1 CONCLUSIONS 

Rapid developments in Information and Communication Technology 

are making avai lable huge amount of data and information. Much of 

these data are in electron ics forms (like electronic publications, e­

mail, the Internet, etc .). These data do not follow a standard format 

like the relational database and are available in various forms from 

various Sou rces . Much of the data is unstructured or semi­

structured an d can generally be considered as a text database. 

Text databases are showing accelerated growth in all corners of the 

world . As a result there is an active field of study in text mining to 

facilita te the extraction of u seful data and information from text 

data bases. 

The text da ta in local languages is also increasing fast requiring text 

processing tools for text documents to be available in local 

languages. This is true for Amharic also, as can be surmised from 

the recent boom of online newspapers, magazines, data in electronics 

storage, etc . 
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A number of researches on automatic processing of Amharic text 

have recently been cond ucted. This research work in Automatic 

Amharic Text Categoriza tion is an effort to contribute in thi s 

direction. 

In this section the di rection followed in this research, the mam 

contributions of the research and the conclusions reached are 

summarized. 

As discussed in Chapters 3 and 4, documents are represented by 

feature words . Because of the problems of the Amharic writing 

system and u n avail abi lity of Amharic text processing tools, the focus 

of the research was on developing a document processing scheme 

which facil ita tes efficient automatic classification of Amharic 

documents . 

To this end , much attention was given on the processing of the 

source data b:; developing and enhancing the following tools. The 

tools are specific to the source data - Amharic news documents from 

ENA. 

• A tool to correct word spelling variations, focusing on spelling 

variation due to transliterations and due to usage variation at 

differen t localities . 

• Enhancement to the suffix/ prefix removal tool developed in 

[7J so that it can differentiate letters in the affix list when they 

are really parts of a word or an afflx to it. 

.' d e to gender marker • A tool to correct word variatIons u 

suffixes. 

103 



• A tool to correct word variations due to number marker 
suffixes . 

• A tool to merge compound words (when they may result In 

semantic loss if separated) written as separate words . 

The use of th ese tools (which enabled 10 to 30% featu re reduction) in 

addition to oth er tool s and data reduction methods helped to analyze 

the huge source data (69,684 news items after data cleaning) and 

measure classi fier perforrnances. However, the experiment was time 

intensive, taking several hours using high capacity computers 

(Computers wi th 51 2 MB RAM and 3.7 GHz speed). 

From this work on automatic classification of Amharic texts, it can 

be concluded that 

• The Amharic writing system presents unique data pre­

processing challenges 

• The data pre-processing for the automatic classification 

should be aided by comprehensive Natural Language 

Processing to be effective (i.e" to develop effective data pre­

processing tools and use the tools) 

• Both LMT and LibSVM classifiers have high accuracy but with 

high computational cost 

• Both LMT and Li bSVM cla ssifiers showed better accuracy for 

,,'l·th l'elatively large number of documents categories 

(in s tances) and for categories with relatively large number of 

ins tances per attribute 
'f' t performance (accuracy) difference • There is no sigm lean 

between LMT and LibSVM classifiers 
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• Both LMT and LibSVM have significantly better accuracy than 
the Nai"ve Bayes cl assifier 

5 .2 RECOMMANDATIONS 

The results of this resea rch indicate the need for Amharic text 

processin g tools fo r efficient automatic classification. Removal of 

redundant an d irrelevant attributes of documents has a determining 

effect on the use of text classifi ers - in real situation s and on large 

datasets it could decide wh ether or not a classifier is useful. 

Altlhough text classifiers are available off-the-shelf, they may not 

show good performance unless aided by an efficient pre-processing of 

tlhe source data . 

Therefore much more has to be done to ensure automatic processing 

of Amharic texts for all situations. The following are some of the 

areas identi fi ed in th is research for future work. 

1. Highly customized tool for correcting spell ing varia tions was 

developed in this research. Full-fledged Amharic spell ing 

ch ecker, whi ch add resses the various causes of spelling 

variation s need to be developed . 

2. A tool has been developed to merge separated compound 

words so as to prevent the semantic loss tlhat could happen as 

a result of the separation. Furtlher investigation is needed to 

of merging separated compound words. see the im portance 

"
,,· th the exisling non-uniform usage of the Especially 

d (somet,·mes as a single word sometimes as compound war s 

separate words) . 
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3. In this research a number of tools have been developed and 

enhanced to reduce word variation due to the . I varIOUS anguage 

requirements affixing. These separate and incomplete efforts 

should be replaced by the availability of a complete Amharic 

stemmer . 

4. The SVM and Decision Tree classifiers used in this research 

have shown good accuracy. They both have, however, high 

performance cost (processing power and time cost). Therefore, 

there is a need to look for other classifiers with less processing 

cost an d better accuracy. 

5. Huge data has been available for this research work. Many 

hours of \\'ork has been spent on pre-processing the data. The 

work on the data is by no means complete, mainly because of 

the size of the data. Purther work by researchers on these data 

could lead to the development of the much needed Amharic 

corpus . 

6 . Experience from th is research shows that there is very little 

cooperation among researchers working to automate the 

inform ation processing and retrieval tasks - from Amharic data 

sources. Better cooperation among researchers as well as 

coordination of the various individual efforts could result in 

more efficien t and standard tools and methods for mining 

Amha ric data sources. Moreover, standard tools developed for 

Amha ric could be used for other languages that use the 

Ethiopic script , 
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ANNEXES 

Annex 1: The Amharic character set and numbers (Bender et al. as 
referenced in [8 J) 

Order 
1" 1 2nd [ 3" 1 4 th I 5'" [ 6" 1 7" Labialized 

U U· '/. '/ % II U' 
fI fl· fl. ~ fl. 1.\ 1\" 1. ," th· ,h, ,I, d. ;" , I, 

0" 0'" "'I. "'/ (I I). 9" 'Ill ':'( 
U' ,,, Uf. " I "/~ F' y' 
,: ". t (, . (.. C I:' ~: 
fI (I. ft ,j n. fI 

" O. 
j'j j'j. Ii. ii' Ii. 'Ii if l{ 
." 'I! -I: ;J ' ,I: + ,y, ./:. ", .. * .of: 
[J [J. n. ~ n. ·n r !l .,. ,I: . /; ;J . . /: 'l- .y . :t· 

;,: :/; :J: '/: :)'. .y: IF '/' . ,., '~ . ',. ;~ ' i . ' j >f," ", .. 'j •. " :~ .. 'oo ,. " ~. ~. 
,. i. , , .< , 

'f '~'. 'i: (.; , '1- ; ~ '(P .,. 
:>. 

t.. ~ .. i •. J. I .. I. I. 
m a" 'I: '/' 'I: m' 9' 
0 O· 'I. '} 't 0 P 

1" 

' j -

h h· h. \ I h. h I· h· il' I~ ~. h, 
'Ii ·Ii· ·Ii. '~i 'li, 'Ii 'ti 

1/ 1/, /I, 'I 1/. ' /1 I' 9. 
'If" '1(' ' It: 'If" 'II: '(,. '/{' 

\' f. {~ . . C' {~. ~ I" ~ 

1 'I, '/, :) 'I. '" ,) "" ./, '1 ,~ '/-

1.. .p,. .. 
, " " " .r .. f,!: 1'. J!. 

J>: ),: w 
". .' ' , :( :~: f. 

III fIl· m, "I m. '\' In ( !J. 

(,t;l :' "J." t.I>I' (./,1, r.r.t. co, (,f;). "''l. 
!I. ~ ~. ? ? X- X' X 

0 0, ", '/ ". h ? 
A fI, A. ~ P. A' A 

~: J. 4· /., t,. t .. ... (.: 
T 'J' '/; :" '/,' T ;,. 

[ii (I . (I, ·(1 
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?i !I t " {; 1; :~: ~~ il 
1 2 3 4 5 6 7 8 9 

10 20 30 40 50 60 70 80 90 100 
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Annex 2 : Lis! of symbols used in the Visual Geez-2 forthe Amharic FIDEL l8) 

u V, 'I, '/ ~ u II' 
h h# £ , , Y H C; 
A A, A, ~ ft. iii h" 
1 1# I' § I@ L 10 

", , II' ,h. ,I, ,I. ,J, ,I, 
( (# (' - I@ ? It 
0" (JU . '''I. tf~ "Z 9" II" 
m N ¥ » M A 
". f}~. "I, "/ "L I" y' 

\ \# ee ' ee ee@ II f 
t. ~ , t t , t. r: l:' 

r " ~ %, E R E 
/1 ,1, ,i, '1 <l. II " 5 5# s! U s@ 5 I 
i'i ri, Ii. Ii It .~ ~' 
, '# " 

S '@ > E 
,I' 'I, -/: :J' ,~ 'f .,. 

Iq I a$ I qE .. I a& IQ 0 
II II ' II. q n. ,/I p 

b b# b' IE b@ B j 
,/, ,I, 'I; ;J' ,~ ,l, ,y, 

t t$ tE , t& T E 
'I: 'I, '" 

'J: 

'" 
1', ¥ 

c ($ cE 0 c& C 10 

" ~" fl. i, ib I. " X X# x' 
.. x@ X ~ 

'} '" ~, c' ~ , ., 
'" 

, 
N A n@ N n n# n' 
"I,:' 

',' "i- '1. ~: '~ '~ , 
6 @ .. ® 6 6" fif Y. 

" 
II, /1 h. h I' II II, 

lu k@ K + 
k k# k! 

'fi "i, "i, 'Ij 'Ii. 'Ii 
'1'1 

a @ < 10 
# , 

" 0)' JI' ll: ',. 'I! 

'" (/I' 

W A 
Y eE e e& w 

'l. h f 
(l (I, (}, 'j 

112 



;# 
" 

, ,@ , A , 

II /I, II, 'I IL 11 I' 
z z# z! , 

z@ Z (/) 
'II' 'II' 'It: 'If" '" 11' ' /c 
¢ ¢$ ¢E j ¢& TM I 
I' ~! ,~. .I' 1< X- r' 
y t • A li Y x 
y. ,. 

, " ,I;, " " , .. Y: f, 
d Ie; A' i'. A D I ,: ',' ... ',' ~ J!.: 'f. ,', ", I , 

i 0 ©! © E J I 
'I '/, '/, .:J 1, "/ 1 
9 g# q ' U g@ G -
{Il (Il. (11, "I ilL '" I" 
- -# -, E -@ 1 0 
I.IJ. (,1:1: r.l:l. Iii? oUr til." ,',1. 
- -# A A <E + 10 
P. P., ~, ~ A. A' A , ' # " 0 '@ U 10 
V V, '/, 'I ~ ~ p 

1 1# E! E E@ } 0 
l\ )I, 1I. ~ l\. x' X 
[ [ , [ ! u 1I¥!l- A u 
t., 1, /.. 1" to r,: ~~ 

f [, 0 I 0 F IE .,. 'F '( :J' ''; T J ' 

P p$ pE Ip& p ± 

.. 'ti 0: 
.. ;-i (i .. 0/, 

0' II. 

v v# v! S v@ V ( 

.~; (I: 'I' 'if 
" 

:,; :\ :t .. a % D , 

Y " ,,' 1,( "J. .), .. ,' . <-

i 
, P a 0 . . . ,J' ,~ ' I :\ ~, f.f.) .. 

I U 
.. IE' 

b " 

The diacritic Ilwrkings 

I' IE-

I! 3 


