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ABSTRACT

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

text classification,

Before the classifier is constructed, preprocessing has been done on the data to make it ready for
the learning algorithm including changing various Amharic characters with the same sound to
one common form; stemming word variants; and removing stop words, punctuation marks and

numbers. And Document Frequency (DF) threshold is applied to select features of news items.

Two weighting schemes, Term Frequency (TF) and Term Frequency by Inverse Document
Frequency (TF*IDF), are used so as to weight the features in news documents to construct news
by features matrix, which is fed to the learning algorithm. This study considers one of the neural
networks learning methods called Learning Vector Quantization (LVQ), to see its suitability for
automatic Ambharic text news classification. In the course of this study, it is found that TF
weighting scheme outperforms TF*IDF weighting scheme by 3.54% on average. Using the TF
weight method, 94.81%, 61.61% and 70.08% accuracies are obtained at three, six and nine
categories experiments respectively with an average of 75.5% accuracy. For similar experiments,
the application of TF*IDF weight method resulted in 69.63%, 78.22% and 68.03% accuracies

with an average of 71.96% accuracy.

Previous research works on Ambharic text classification show that, accuracy decreases
consistently with the increase in categories. The result of this study shows that accuracy does not
depend on the number of news items and categories considered; rather, representing each
category with enough number of subclasses determines accuracy. Therefore, further works
focusing on finding the optimum number of subclasses is the major direction of research with

regard to Amharic text news classification using LVQ.

Xii



CHAPTER ONE

INTRODUCTION

1.1 Background

During the last twenty four years, the number of documents in the digital form has grown
enormously in size with the introduction of Internet as a medium of information transfer and
sharing. As a result, it is really advantageous to be able to automatically organize and classify
documents (Novovicova, 2005). As Klein (2004) noted, the dramatic increase in textual
information forced us to use automated classification system for the management of textual
information. Automatic text classification is attractive because it frees organizations from the
need of manually organizing documents, which can usually be too expensive, error prone or may

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

Supervised learning and unsupervised learning are the two common methods for classifying
textual information. We may be given a set of documents with the aim of establishing the
existence of classes or clusters in the document. Or, we may know for certain that there are
classes and the aim is to establish a rule where by we can classify a new document into one of the
existing classes. The former type i1s called unsupervised learning and the later is supervised
learning (Giorgino, 2004; Michie, Spiegelhaltef and Taylor, 1994, Skarmeta, Bensaid and Tazi,

2000).

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

number of application contexts. But, a number of challenges remain (Sebastiani, 2000).



According to Sebastiani (2006), delivering high accuracy in all application contexts is one of the
challenges for text classification. Effective classifiers have been produced for application
domains such as the thematic classification of professionally authored texts such as newswires.
But accuracies are poor in some application domains like classification of web pages, where the
use of text is more versatile; spam filtering, spammers adapt their spamming strategies to the
latest sp%m filtering technologies; and authorship attribution. Another challenge is the labeling of
categories according to Sebastiani (2006); that is, manually classifying documents for use in the
training phase is costly. Because text classification needs large amount of preclassified

documents to build classifier for new unlabeled documents.

According to Sebastiani (2002), for accomplishing text classification task, there are a number of
learning techniques. The common ones include Probabilistic methods, Regression methods,
Decision Tree and Decision Rule learners, Neural Networks, Batch and Incremental learners of
linear classifiers, Example-based methods, Support Vector Machines, Genetic Algorithms,
Hidden Markov models and Classifier committees. This study considers neural networks

algorithm called Learning Vector Quantization,

According to Demuth and Beale (2004), neural networks can be trained to solve problems which
are difficult for conventional computers or human beings. Neural networks can be trained to
perform complex functions in various fields of application including, pattern recognition, writer

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



Neural networks can be used for text classification tasks among others. Algorithms include Back
Propagation Network (BPN), Self Organizing Map (SOM), Learning Vector Quantization
(LVQ), etc (Martin-Valdivia, Urefia-Lépez and Garcfa-Vega, 2007). The authors added that the
most widely used algorithm is Back Propagation Network (BPN) and a number of text
classification tasks are carried out using Self Organizing Map. They said that rescarch results
show that LVQ is better than SOM. This idea is also expressed by Haykin (1999). In fact,
Michie, Spiegelhalter and Taylor (1994) and Anderson (2006) indicated that LVQ is the most
efficient classification algorithm. Heuristic simplicity in LVQ algorithm can be adapted to text
classification tasks though the algorithm is not exploited for such task as noted by Martin-

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

1.2 Statement of the Problem and Its Justification

The automated classification (categorization*) of texts has been flourishing in the last decade or
so due to incredible increase in electronic documents on the Internet; this renewed the need for
automated text classification (Klein, 2004). Extensive study is done for English language (Maly
and et. al., 2007). But booming interest is shown even if extensive study is made (Sebastiani,

2005).

Ambharic is technologically under resourced language (Solomon and Menzel, 2007); therefore, a
lot has to be done. Only three researches have been tried on the area till now as to the
rescarcher’s knowledge. Effort has to be exerted to come up with the best classification

performance.

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



Ambharic is the native language of people living in the north central part of Ethiopia. The
language is also spoken as a second language in many parts of the country. Significant number of
immigrants in the Middle East, Asia, Western Europe and North America also speak Amharic
(Encyclopedia Britannica, 1992). Amharic language has its own writing system that uses Ge’ez
alphabet. Recently, there are so many Amharic electronic documents such as web pages, word
documents, articles, etc. So, it is helpful to undergo research on this important language to

contribute in the process of enriching the language with technology.

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

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

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

categories. Using manual classification is challenging for these large number of classes™.

Timeliness property of news can be maintained by using automated classification and the burden
of human experts can be avoided (Zelalem, 2001; Surafel, 2003). Surafel added that it would be
possible to store old news for further retrieval. Besides, Zelalem said, time is wasted in the

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

* Category and class are used to refer the same concept.



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

automatic classification. And manual classification is labor intensive than automated technique.

Hence, more effort is required by researchers and developers in the area of text classification to
favor technologically under resourced language-Amharic. Research has to show which technique,
tool, etc is best for Amharic text classification. It was with this view that Zelalem (2001), Surafel
(2003) and Yohannes (2007) had done their research using, Statistical method, K-Nearest
Neighbor (KNN) and Naive Bayes, and Support Vector Machine (SVM) and decision tree
respectively. Previous research works on Ambharic text classification are discussed in Chapter
Two of Section 2.7. This work also aimed at contributing in the area of Ambharic text

classification.

The great problem of news classification is the decrease in accuracy as the number of categories
and news increases. Previous researches by Surafel (2003) and Yohannes (2007), who have made
experiments on increasing levels of categories, prevail the idea as indicated in Table 2.6 of
Chapter two. Since many, 13 major and 103 sub categories involved in news articles of ENA,
such problem is the major challenge to implement automatic text classification system for news
articles. Surafel (2003) and Yohannes (2007) recommended a different approach for automatic
Amharic text classification. Hence, the aim of this study is, to see the performance of a neural
network based approach, LVQ, on automatic Amharic text news classification at increasing

levels of categories and news items.



This research work attempts to answer the following questions.

* Is neural network approach using LVQ learning method feasible for automatic Amharic text
news classification?

* Can we reduce the effect of increasing number of categories and news items on Amharic text
news classification performance using LVQ learning method?

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

performance?

1.3 Objective of the Study

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

1.3.1 General Objective

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

using neural networks based approach with specific consideration of LVQ algorithm.,

1.3.2 Specific Objectives

The following specific objectives are incorporated for achieving the general objective,

® To preprocess news documents so as to make the document ready for classification task.

® To build classifier based on the Learning Vector Quantization so that classification is applied
on test dataset.

¢ To evaluate the performance of the Amharic news classifier.

* To provide concluding remarks and recommendations for further research.



1.4 Methodology

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

The methods used in this research are described below.

1.4.1 Literature Review

Literature from books, journals, Internet, etc, have been reviewed. The review is to understand
the concept of text classification, approaches of text classification, the methods used for
preprocessing and classifier construction, concept of neural networks and LVQ, and text
classification using neural networks in general and LVQ in particular. Amharic writing system
has also been reviewed to understand Amharic Language characteristics which are helpful for

preprocessing Amharic news.

1.4.2 Data Source and Datasets Preparation

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

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

The data source selected for this study is Ethiopian News Agency (ENA). ENA is selected as a
data source because there is no standard Amharic news corpus ready for text classification task as
to the researcher’s knowledge. And the other reason is that, the data is categorized into
predefined categories manually by the experts which are suitable for supervised learning

approach used in this study. Six years data, from 2003-2008, have been considered for analysis.



But the majority of news items are from 2007 and 2008. According to the ICT coordinator of

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

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

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

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

training dataset and 33.33% comprises the test dataset.

1.4.3 Automatic Amharic Text News Classification Design

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

evaluation.

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

term weighting and dimension reduction for feature selection.

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

one is using TF weighting scheme and the other is using TF*IDF weighting scheme.



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

which is computed as the percentage of correctly classified news items.

1.4.4 Development Tools and Experimentation Method

For developing Amharic news text classification, a number of tools are used, which are discussed

here under.

Visual Basic 6 is used to export the contents of Head line, Keyword and slug attributes from SQL
server to a folder named ‘NEWS’, in doing so file names have been generated automatically for
the text files. Visual Basic 6 is used because of its flexibility to deal with databases and

researcher’s familiarity.

For Ambharic text preprocessing tasks, such as normalization, tokenization, stemming, stop word
and number removal and weighting words, Python 3.0, integrated with NLTK (Natural Language
Tool Kit), is employed. The reason to use Python is its convenient nature and powerfulness to

work on text processing.

Learning Vector Quantization (LVQ) algorithm is used to train neural network classifier. LVQ is
first proposed by Kohonen in 1990. It is the class of supervised learning algorithms employed to
find the elements of which will “best” represent the classes called prototypes®. The number of
classes and the number of prototypes are predefined. A labeled training dataset is used in LVQ

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

* In LVQ, subclass and hidden neuron refer the same concept and subclasses of a certain class are prototype or
codebook for that class.



researchers and practitioners who are searching for robust classification schemes without the

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

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

functionalities among others (MathWorks, 2009).

e Graphical user interface (GUI) for creating, training and simulating neural networks.

e Provides support for the most commonly used methods of supervised and unsupervised
network architectures.

¢ Modular network representation that enables an unlimited number of input setting layers and
network interconnections including graphical view of network architecture.

e Visualization functions and GUI for viewing network performance and monitoring the ;
training process.

» Preprocessing and post-processing functions and Simulink blocks for improving network

training and assessing network performance.

1.5 Scope and Limitation of the Study

The scope of the study is to investigate the potential application of neural networks approach-
LVQ to automatic categorization of Amharic text news articles of ENA. Nine categories have
been considered, these are Bank and insurance, Tourism development, Mines and energy,
Information and communication technology (ICT), Art, Educational coverage, Weather forecast,

Religious assemblies and reports, and Creativity work.
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Corpus other than news texts is not considered. From the news agencies available in Ethiopia
(ENA and Walta Information Center), only ENA news are considered. In ENA, there are 13

major and 103 sub categories but only nine categories are selected.

LVQ works better if the raw data is normalized between -1 and 1 according to Thulasiraman
(2005). Russell, Eberhart and Shi (2007) recommended that the raw data has to be tried and
analyzed before the normalized one is tried. Their suggestion is followed but time frame inhibits
to try the normalized one. In MATLAB, there are two types of LVQ, LVQ 1 and LVQ 2.1.
According to Demuth and Beale (2004) of MATLAB, performance may be improved if LVQ 2.1

is applied after LVQ 1. But only LVQ 1 is used in this study.

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

mentioned important considerations, given time constraint.

1.6 Application of the Study

Document classification has practical importance. The applications of text categorization listed
by Novovicové (2005) and Sebastiani (2005) testify its great value. These are spam filtering, mail

routing, e-mail filtering, news monitoring, selective dissemination of information to information
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consumers, automated indexing of scientific articles, automated population of hierarchical
categories of web resources, identification of document genre, authorship attribution, survey
coding, and so on. According to Sebastiani (2005), its application can be extended to speech
categorization by combing speech recognition and text categorization for phone call routing,
image classification using captions, for question answering system by classifying questions so

that the overall system can be enhanced.

The study conducted on news articles of ENA, can be extended for similar industries in the

country. The result can be used as a starting point to do research in those domain areas.

1.7 Organization of the Thesis

This thesis is organized into five chapters. The First Chapter (this Chapter) is the Introduction
that contains background, statement of the problem and its Justification, objective of the study,

methodology, scope and application of the study.

Chapter Two describes the concept and approaches of text classification, steps involved in text
classification and networks in general and LVQ learning method in particular. Chapter Two also
provides the details of Amharic writing system and the tool called System for Ethiopic

Representation in ASCII (SERA), which facilitates Amharic computerization.

Chapter Three is Methodology discussion. It elaborates the methods and algorithms applied for
designing the system. Chapter Four is the Experimentation and Performance Evaluation. It
presents implementation details, experimental results, analysis and finding of the study. Chapter
Five pinpoints concluding remarks and the recommendations forwarded for further research

work.
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CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

The task of classification occurs in a wide range of human activity. The term could cover any
context in which some decision or forecast is made on the basis of currently available
information. As a result, classification procedure is required for making judgments in new
situations based on the information provided (Michie, Spiegelhalter and Taylor, 1994). Textual
information is the one that has to be classified for efficient and effective utilization for a given

purpose.

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

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

The subsequent sections discuss the concept of text classification, approaches used in text

classification, steps used in text classification, neural networks in general and Learning Vector
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Quantization in particular, Amharic writing system and previous research works on automatic

Ambharic text classification.

2.2 Meaning of Text Classification

The concept of text classification is defined by a number of authors in similar way. For example,
Bi, Murtagh and Anderson (1999); Blumberg and Atre (2003); Giorgino (2004); Ifrim,
Theobald and Weikum (2005); Klein (2004); Liao, Alpha and Dixon (2003); Martin-Valdivia,
Urefa-Lopez and Garcia-Vega (2007); Michie, Spiegelhalter and Taylor (1994); Sebastiani
(2005); Skarmeta, Bensaid and Tazi (2000); Wang and et. el. (2005); and Yi and Beheshti (2004)
defined text classification as the task of automatically assigning a set of documents into
categories (or classes, or topics) from a predefined set. The definition given by Sebastiani (2002)

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

Klein (2004) and Sebastiani (2002) defined text categorization as a mapping of text documents to
categories. To clarify, if C= {c,, ¢2...cm} is a set of categories (classes) and D= {d,, ds,...,d,} is a
set of documents, the purpose of text classification is assigning c; to d; (1<=i<=m and l<=j<=n) a
value of 0 if the document dj does not belong to c;; otherwise a value of 1. The mapping is

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

d | | & | .1 4.
¢ |Aj e | B KT
Cj ail ajj din
Cm dml Amj Amn

Table 2. I: Document to Category Matrix



In Table 2.1, dy...d, refers set of documents, c;...cy refers set of categories and ajj...amn

represent a value of 0 if the document does not belong to that category, otherwise a value of 1.

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

of the two available categories (Sebastiani, 2005).

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

category is subjective.

2.3 Text Classification Approaches

In accordance with Blumberg and Atre (2003), there are four approaches to text
classification, which are manual classification, rule-based classification, supervised

learning and unsupervised learning,

2.3.1 Manua!l Classification

Manual classification is the assignment of one or more categories to documents by human
experts. These experts have domain knowledge and familiar with the category structure

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

In this approach, keywords or Boolean expressions are used to categorize a document. Such
method is more convenient if a category can be described using few words. The method is

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

2.3.3 Supervised Learning

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

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

2.3.4 Unsupervised Learning

With this learning approach, preclassified documents are not required since the method tries to
exploit regularities found in the document and make group or cluster based on similarity. The
method, also called clustering; it may not found categories which are intuitive to humans
(Blumberg and Atre, 2003; Giorgino, 2004; Michie, Spiegelhalter and Taylor, 1994; Skarmeta,

Bensaid and Tazi, 2000).

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

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

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

reduction, classifier learning and classifier evaluation (Sebastiani, 2005).
2.4.1 Feature Preparation

The text has to be converted into features in order to transform a document into a feature vector,
which is an input for the classifier learning. Hence, this phase is basically the first step in the
preprocessing stage of the data. Feature formation must be performed with reference to the
definition of the features. Features may be tokens (single stemmed or non stemmed words) or
phrases. Features such as single tokens or single stemmed tokens are most frequently used in text
categorization. In this bag-of-words representation, information about dependencies and the
relative positions of different tokens are not used. Phrasal features consisting of more than one
token are one possible way to make use of the dependencies and relative posiﬁons of component
tokens. However, tokens or stemmed tokens show better classifier performance than phrases

(Liao, Alpha and Dixon, 2003).

For both classification and retrieval of natural language text documents, the standard document
representation is a term vector where a term is simply a morphological normal form of the
corresponding word (Ifrim, Theobald and Weikum, 2005). According to Skarmeta, Bensaid and
Tazi (2600), a word is a string of characters delimited by spaces in the context of English
language. The representation of a document using token is said to be document indexing from

Information Retrieval point of view (Bacza-Yates and Ribeiro-Neto, 1999).
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Document indexing denotes the activity of mapping a document d; into a compact representation
of its content that can be directly interpreted by a classifier building algorithm and by a classifier,
once it has been built. The document indexing methods usually employed in text classification
are borrowed from Information Retrieval, where a text d; is typically represented as a vector of
term weights. Indexing method is characterized by defining what a term is, and a method to

compute term weights (Sebastiani, 2005).

Before a document is indexed, it passes through one or more text processing steps. These steps as
dealt in Baeza-Yates and Ribeiro-Neto (1999) are, lexical analysis, stop words removal,
identification of noun groups, stemming and finally indexing. The steps are not sequential. For
example, words without removing stop words can be taken as index terms. Figure 2.1 clarifies

this fact.

/\
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] 1 1 1
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Figure 2. 1: Steps for Document Representation

The steps depicted in Figure 2.1 are discussed in the subsequent part based on Baeza-Yates and

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

spaces, etc are ignored.

Stop Words Removal: Stop words are non-content bearing words in a document. They are
words which occur frequently and have less power in discriminating one document from another.
Some are used for syntactic purpose; for instance, articles, prepositions, conjunctions, etc. Stop
words are normally removed from a document to facilitate effective representation of a

document.

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

thesaurus are also included.

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

algorithms by Frakes and Baeza-Yates (2002).



Stemming methods

RN

Manual Automatic (Stemmers)

Affix Removal  Successor Variety Table Lookup N-gram

Longest Match Simple Removal

Figure 2. 2: Taxonomy of Stemming Algorithms

According to Frakes and Baeza-Yates (2002), affix removal algorithms, the method used in this
study, remove suffices and/or prefixes from terms. Porter Stemmer is an example of affix
removal algorithm. According to Hooper and Paice (2005), Porter Stemmer is the most common
widely used affix removal algorithm, which applies rules on the word to remove affixes in order

to find its stem.

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

representation of a document.

2.4.2 Term Weights

The importance of an index term to a document is shown by using weight (Giorgino, 2004; Liao,
Alpha and Dixon, 2003). Term Frequency (TF), Inverse Document Frequency (IDF) and Term
Frequency by Inverse Document Frequency (TF*IDF) are common weighting methods to show
the importance of a term (Manning, Raghavan and Schiitze, 2008; Baeza-Yates and Ribeiro-Neto,

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

given by:

TF = FREQ),

Formula 2. 1: Term Frequency

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

term does not appear in document i.

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

N

IDF = log}"

Formula 2. 2: Inverse Document Frequency

In Formula 2.2, N is the total number of documents in the collection, di the number of documents

in which term k occurs,

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

TF*IDF incorporates two intuitions.

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

between the documents, the Inverse Document Frequency intuition.
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Formula 2.3 shows TF*IDF weight of term k.
Ll
TF * IDF = FREQ,, *logy'

Formula 2. 3: TF*IDF

In Formula 2.3, FREQj is the number of occurrence of term k in document i, N is the total

number of documents in the collection, dy the number of documents in which term k occurs.
2.4.3 Dimension Reduction

A major difficulty in text categorization is the high dimensionality of the feature space. The
feature space comprises one new dimension for each unique term that occurs in the text
documents, which can lead to tens of thousands of dimensions for even a small-sized text
collection. The dimensionality of the feature space often exceeds the number of available training
documents: this is an obstacle for learning algorithms. So, it is desirable to integrate a
dimensionality reduction phase with text classification task (Skarmeta, Bensaid and Tazi, 2000;

Yi and Beheshti, 2004).

Feature selection is often used for dimension reduction. Among feature selection methods
Document Frequency thresholding (DF) and Information Gain (IG) are frequently used methods
for choosing a subset of the available features (Krishnakumar, 2006). According to Krishnakumar
(2006), DF, used in this study, is the number of documents in which the word occurs.
Predetermined threshold is used to remove words which have document frequency less than the
threshold value. And IG is the number of bits of information obtained for category prediction by

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

A text classifier for a category is automatically generated by a general inductive process (the
learner) by observing the characteristics of a set of preclassified documents, which dictates the
characteristics that a new unseen document should have in order to belong to a certain category.
So as to build classifiers for a category, there is a need to have a set of documents for which the
category is known. In experimental text classification, it is customary to partition the set of text
documents into training set and test set. The training set is the set of documents from which the
learner builds the classifier and the test set is the set on which the effectiveness of the classifier is

evaluated (Sebastiani, 2005).

2.4.5 Text Classifier Evaluation

The performance of text classifier can be evaluated by considering effectiveness or efficiency
aspects. Efficiency depends on volatile parameters like computer hardware/software on the other
hand effectiveness depends on the correctness of the classifier (Lavesson, 2003). In a single-label
classification, accuracy is the major effectiveness measure (Sebastiani, 2005). In this single-label
classification study, accuracy is used for evaluation of Amharic text classifier. According to
Skarmeta, Bensaid and Tazi (2000), accuracy is computed as the percentage of correctly

classified documents.

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

based.
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Category ¢; Expert Judgments
Class=Yes | Class=No
Classifier Judgments | Class=Yes | TP FP
Class=No | FN TN

Table 2. 2: Contingency Table for Computing Classifier Effectiveness

In Table 2.2, TP (True Positive) is the number of test documents correctly classified, FP (False
Positives) is the number of test documents incorrectly classified, FN (False Negatives) is the
number of test documents incorrectly not classified and TN (True Negatives) is the number of

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

s P+ TN
TP+TN + FP+ FN

Formula 2. 4: Accuracy of Text Classifier

2.5 Neural Networks

The intension of using neural networks is to model natural processing of the human brain. The
brain is highly complex, nonlinear and parallel computing system. It has the capability to
organize its constituent neurons, information processing elements, to perform computations like
pattern recognition, perception, motor control, etc; faster than the digital computers with such

tasks (Haykin, 1999).

The discussion on biological neural networks, artificial neural networks and Learning Vector

Quantization (LVQ) follows.
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2.5.1 Biological Neuron

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

(Stergiou and Siganos, 1997), Figure 2.3 depicts the structure of biological neuron.
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Figure 2. 3: Structure of Biological Neuron

A neuron fires, produces output, if its input signal exceeds a certain amount (the threshold), in a
short period of time. Synapses vary in strength. Good connections allowing a large signal and
slight connections allow only a weak signal. Each neuron produces only one output signal. The
output signal is transmitted through the neurons outgoing connection. The outgoing connection
splits into a number of branches. The outgoing branches terminate at the incoming connections of

other neurons (Stergiou and Siganos, 1997).
2.5.2 Artificial Neural Networks (ANN)

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

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

interneuron connection strength (Haykin, 1999).

2.5.3 Model of Artificial Neuron

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

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

I. Synapses: are connecting links, which have weights that shows its strength. Weights
represented as wy; refers k neuron with j weight.
2. Adder: that sum input signals from sending neuron/s to receiving signals.

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

Figure 2.4 illustrates the details of neuron model
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Figure 2.4: Neuron Model
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In Figure 2.4, x;, Xa,...,Xp refer to input signals; wy, Wa, ..., Wiy are synaptic weights of neuron
k; bias by has the effect of, increasing: for positive values or lowering: for negative values, the net

input of the activation function.

Formula 2.5 shows uy, which is linear combiner due to input signals.

n

Uy = Wy,
j=1

Formula 2. §: Linear Combiner due to Input x;

In Formula 2.5, X, X2,...,xm refer to input signals; wgi, Wia, ..., Win are synaptic weights of

neuron k.

After applying bias b, input to the activation function vy is calculated as:

v, =u, +b,

Formula 2. 6: Linear Combiner with Bias

The bias is an external parameter that we can ignore, in such condition vy=uy.

Finally, the output of the neuron yy becomes:

¥ <)
Where, ¢ is the activation function.

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

Neurons are normally grouped into layers; layers are groups of neurons which perform similar
functions. Usually, there are three layers of neurons; input layer, hidden layer, and output layer.
The layer of neurons that receive input from the user program and sends the pattern to the next
layer (hidden layer) is the input layer. Hidden layer (one, more or none in some learners), is
between input layer and output layer. This layer presents information to the succeeding layer,

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

Normally, there are two basic topologies of neural networks feed-forward networks and recurrent
networks. In feed-forward networks, the data flows through zero, one or more succeeding hidden
layers and then to the output layer in one direction. On the other hand, in recurrent networks, the
data flows to all adjacent connected units and circulates back and forth until the activation of the
units is stabilized (Artificial Neural Networks, 2008). The layered architecture of feed-forward

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

Input Layer Hidden Layer Output Layer

ol

Neuron

@ Output

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

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

learning.

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

of the neural network is compared to the target output and an error is computed as a result.

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

with the test data.

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

asynchronously, then that synapse is selectively weakened or eliminated.

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

In Hebbian learning, several output neurons may fire; whereas, in competitive learning only one
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output neuron is active. Thus, competitive learning is suitable to classify input patterns. There are

three basic elements of competitive learning.

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

2. A limit imposed on the strength of each neuron.

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

takes-all neuron.

Boltzmann Learning: can be viewed as neurons with either of the two states si=t+1 or si=-1.
Every pair of neurons is connected by the bidirectional weights wy; if a weight between two
neurons is zero, then no connection is drawn, The optimization problem is to find a configuration

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

I
= —5 qu 5,8

i, f=1
Where, E is the Energy, s;and s; are two neurons, and wj; is the weight between neurons i and j.

Formula 2.8: Energy in Boltzmann Learning

2.5.6 Advantages of Using Neural Networks

Parallel architecture, noise tolerance, self-organization and generalization are the characteristics
of neural networks that its benefits are based (Martin-Valdivia, Urefia-Lopez and Garcia-Vega,

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

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

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

signal is inherently nonlinear, for example speech signal.

Input-Output Mapping: Neural networks work in a set of examples to map input to an output.
Bach example consists of a unique input signal and a corresponding desired response. The
network adjusts synaptic weights (free parameters) to produce the desired output. The training of

the network continues until no change is observed in synaptic weights.

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

new situation is very fundamental to ensure stability and to robust performance.

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

network.

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

the distributed nature of information stored.

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

VLSI technology, which is helpful for capturing complex behavior.

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

application of neural networks and neurons are ingredient for all types of neural networks.
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Neurobiological Analogy: base for fault tolerant parallel processing. Additionally, fast and
powerful processing is also possible. Hence, it provides a research tool for neurobiological and

complex problem domains.

2.5.7 Learning Vector Quantization (LVQ)

Learning Vector Quantization, known for twenty years, is a competitive supervised learning
algorithm that deals with selecting prototypes. The task is to find a map from R (inputs) into a

finite set of labels Y (outputs). The classifiers are parameterized by a set of points, Ml ke R,

which is referred as prototypes formed from the training dataset. Each prototype is associated
with a label y € Y. Given a new instance (input) x e R, the label of the closest prototype will be
assigned. The goal of the learning process in this model is, to find a set of prototypes which will
predict accurately the labels of unseen instances. LVQ iterates over the training data and updates

the prototypes position (Crammer, Gilad-Bachrach, and Navot, 2003).

2.5.7.1 LVQ Architecture

LVQ is supervised version of Kohonon neural network (Martin-Valdivia, Urefia-Lépez and

Garcia-Vega, 2007).

LVQ network has two layers (Demuth and Beale, 2004), competitive layer and linear layer. The
competitive layer learns to classify input vectors. The linear layer transforms the competitive
layer's classes into target classes defined by the user. The classes learned by the competitive layer
are referred as subclasses and the classes of the linear layer are called target classes. The

subclasses are always larger than the target classes.
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All the input units are fully-connected by feed-forward connections to all output units. The output
units are interconnected through lateral inhibitory connections so that, when an output unit is
activated, it uses the lateral connections to send inhibition signals and to be able to deactivate the
rest of the output units (Martin-Valdivia, Urefia-Lopez and Garcia-Vega, 2007). Figure 2.6

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

A 4

Competitive Layer > — | Linear Layer |

Input Vector

Subclass Target class

Figure 2.6: Architecture of LVQ
2.5.7.2 Types of LVQ

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

1 and LVQ 2.1.

LVQ 1: According to Demuth and Beale (2004), an input vector P is presented, and the distance
from P to each row of the input weight matrix is computed with the function ndist, a function to
compute Euclidean distance. Layer one neurons (subclasses) compete for the input. The
Euclidean distance of an input vector is computed with each codebook vector and the nearest

codebook vector is declared the winner (Umer and Khiya, 2007, Martin-Valdivia, Urefia-Lopez
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and Garcia-Vega, 2007). Demuth and Beale added that the class of the winning neuron (neuron
with the smallest Euclidean distance) is assigned to the input as a target class. The algorithm for
LVQ 1, which is used in this study, is presented on Chapter Three of Section 3.8.2.3.

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

a wrong class. LVQ 2.1 is used only after LVQ 1 has been applied (Demuth and Beale, 2004).
2.5.7.3 Text Classification Using LYVQ

A text classifier based on a neural network approach is a network of units, where the input units
represent terms, the output units represent the categories of interest and the weight connections
represent dependence relations. The neural classifier is trained by using a learning algorithm in

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

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

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

According to Martin-Valdivia, Urefia-Lopez and Garcia-Vega (2007), there are two layers of the
LVQ algorithm-input layer and output layer. Codebooks are the weight vectors associated with
each output units. The input layer has as many units as features retained (dimensions of the input
vectors) and there is one output unit for each possible class. Each class of input space is
represented by its own codebook. For text classification purpose, one codebook vector per class

is used.
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Since LVQ algorithm is a competitive network, output units compete among themselves in order
to find the winner according to Euclidean distance to assign a category for each training vector

(Martin-Valdivia, Urefia-Lopez and Garcia-Vega, 2007).
2.6 Amharic Writing System

Ambaric is the working language of the Federal Government of Ethiopia; it is one of the
Semitic languages. Twenty seven million people speak Amharic; with this, it is the second largest
Semitic language next to Arabic. One of the major differences between Ambharic and Semitic
languages like Arabic and Hebrew is that Amharic is written from left to right as of English

(Wapedia, 2009).

The subsequent parts discuss Amharic characters, punctuation marks and number systems. The
problems in the processing of computerizing Amharic are also dealt. Finally, System for Ethiopic
Representation in ASCII (SERA), which is a system to facilitate Amharic computerization, is

described.

2.6.1 Amharic Characters
A character or a symbol, Fidel (4:£4\) in Amharic, is used to represent a phoneme, which is a

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

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

is made in accordance with the sound that goes with the symbol. Each character designates a
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consonant together with its vowel; the vocalic symbol cannot be detached from the consonant
element. Thus, Amharic does not use independent symbols for vowels (Bender and et. al., 1976).
Bender and et. al. added that the non-basic forms are derived from the basic forms by more or

less regular modifications.

First | Second Third | Fourth | Fifth | Sixth | Seventh
Order | Order| Order | Order | Order| Order| Order
v - ¥ 7 2 U v

Ha Hu Hi Ha He H Ho

(| A Q, 1 Qa, A |\

La Lu Li La Le L Lo

av av. 3 7 <3 » 1®

Mai Mu Mi Ma Me m Mo

Table 2. 3: Amharic Characters Example
Five order characters known as labio-vellars are also there, for example, fi=, Nie., 0, %, and ..
Additionally, labialized consonants like A, “7, &, 0. etc are included in the character set

(Ethiopia, 2002; Zelalem, 2001).

In Ambharic characters, there is no capital letter and small letter distinction (Bender and et. al.,

1976). Amharic characters are attached in Appendix 2.

2.6.2 Amharic Punctuation Marks

Identifying punctuation marks is vital to know word demarcation for natural language processing.
According to Daniel (1994) cited in Tewodros (2003), the punctuation marks in Amharic are
about ten though few of them used in computer writing system. ‘Hulet Neteb’ (:")-word

separator and ‘Arat Neteb® (“::”)-sentence separator are the major punctuation marks. But, space
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is mostly used instead of Hulet Neteb (“:?) specially in computer writing system. The punctuation

marks together with their use are presented in Appendix 3.

2.6.3 Amharic Number System

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

Ambharic numbers are presented in Appendix 4.

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

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

2.6.4.1 Redundancy of some Characters

Sometimes more than one character is used for similar sound in Ambharic (Ethiopia, 2002;
Zelalem, 2001). Though the various forms have their own meaning in Ge’ez, there is no clear cut
rule that shows its purpose and use in Amharic according to Bender and et. al.(1976). Table 2.4

illustrates the different forms of Amharic characters with similar sound.

Character | Other form/s of the character
U (hd) hand 7

W (sj) ]
A (d) 0
A (tsd) i}

Table 2. 4: Amharic Characters with Different Forms of the Same Sound
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The problem of the same sound with various characters is not only observed with core characters,
but also exhibited in the same order of characters. For example, U and 7, *¥ and :>; A and A; etc

(Tewodros, 2003).

The use of various forms of characters for the same sound poses a problem in the process of

feature preparation for the classifier learning since the same word is represented in different
forms. For example, the word ‘AU.%° (‘sun’) can be represented in Ambharic as AU.8, Adh P,

AT1E, 008, 0h e, 010, cte.

2.6.4.2 Compound Words

There is no standard way of writing Amharic compound words (Bender and et. al., 1976). Space
or hyphen is used between two words in a compound word; sometimes the words are merged
together. According to Tewodros (2003), there is a meaning difference when compound words
separated by space are treated separately. For example, the word ‘IF £-014.’ (‘tolerant’) formed
from the words ‘lP£’ meaning ‘stomach’ and ‘(4. meaning ‘wide’. One can imagine how the

meaning of the original word is diverted to different contexts.

2.6.4.3 Spelling Variation of the Same Word

The same word is written in various forms (Ethiopia, 2002; Tewodros, 2003; Zelalem, 2001). For
example, the word ‘09°-F-AN’ (‘he hears’) can be written in Amharic as AY°T-AAN, (19°1A,
TP, ete. Spelling variation may happen also in the case of translating foreign word to
Ambharic. For instance, the word “kFA&TLH 7 (‘television’) can be written as A1C7,

EOANE, OO, etc.
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2.6.4.4 Abbreviation
No consistency is kept in abbreviating Amharic words (Ethiopia, 2002; Zelalem, 2001). The

word “Ga@v-t J°Y 41, meaning ‘AD’, can be abbreviated as e L N T )

All the aforementioned problems pose challenges since the same word is treated in different
forms in the process of feature preparation for text classifier. So, care should be taken to solve

such problems.

2.6.5 System for Ethiopic Representation in ASCII (SERA)
SERA is a tool for processing Amharic documents. The fundamentals of SERA are discussed

based on Daniel (1996).

SERA is a convention for translation of Fidel (4:.£.\) script into Latin script that insures the
integrity of the format and content of the original document, and that can be fully transportable

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

The crux of the problem that demands translation is due to ASCII size. ASCII uses 7-bit
encoding of computer letters, which means there are 128 addresses available to assign for letters
that people and computers may use. But Fidel requires a 9-bit system for more than 360

addresses than ASCII can hold.

SERA is used for this research work to translate Visual Ge’ez Unicode format of Amharic script
to Latin Script for processing of Amharic documents (news). The translation of Ambharic script to

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

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

text classification by Zelalem (2001), Surafel (2003) and Yohannes (2007).

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

classification can focus on one aspect at a time.

The methods employed in Surafel’s (2003) research work are Naive Bayes and KNN. Surafel
used Rainbow tool. And he said that Rainbow reads the datasets and writes/indexes to disk or
archives a ‘model’ containing their statistics on documents like its category and the number of
times words appear in a document. According to Surafel, the classification accuracy using Naive
Bayes and KNN decreases if the categories in the training data contain fewer documents. Surafel
added that if the categories in the training data are not evenly distributed, classification affected
negatively. Surafel indicated that KNN is poor for large dataset and there is a difficulty in
determining the value of K. Ambharic preprocessing tools development is one of the issues in
Surafel’s recommendation like Zelalem. Surafel also recommends other methods to work on

automatic Ambharic text classification.
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Yohannes (2007) used SVM and Decision Tree methods. The weighting methods employed in
Yohannes’s research work is TF*IDF. Yohannes said that decision tree and SVM classifiers
showed better accuracy for categories with large number of documents in the training set than
fewer documents. He also noted that SVM and Decision Tree classifiers are good in accuracy at
the expense of performance cost. Therefore, Yohannes recommends other classifiers with less
processing cost and better accuracy. Like Zelalem and Surafel, Yohannes also recommended the

development of standard Amharic preprocessing tool that aid text classification task.

Table 2.5 summarizes the results obtained by previous research works.

ﬁ Name Categories considered Method used Accuracy
Zelalem Sintayehu (2001) 3 | Cosine Similarity 85.05%
Surafel Teklu (2003) 16 | KNN 64.4%

Naive Bayes 78.48%
Yohannes Afework (2007) I5 | LMT 79.72%
LibSVM 81.15%

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

accuracy decreases as the number of categories increase as depicted in Table 2.6.
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Name Category Method Accuracy
3 | KNN 89.61%
Naive Bayes 95.13%
4 | KNN 84.51%
Naive Bayes 93.86%
7 | KNN 75.27%
Naive Bayes 89.93%
Surafel Teklu (2003) 16 | KNN 64.4%
Naive Bayes 78.48%
5 LMT 93.45%
LibSVM 95.21%
10 | LMT 89.98%
LibSVM 91.36%
Yohannes Afework (2007) 15 | LMT 79.72%
LibSVM 81.15%

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

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

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

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

METHODOLOGY

3.1 Introduction

The tasks that are done for preprocessing of Amharic news includes tokenization, stop words and
number removal, stemming, index term weight, dimension reduction and matrix generation. After
the accomplishment of preprocesses, the classifier is constructed by Learning Vector
Quantization (LVQ) learning method using MATLAB as a tool. Finally, the system is evaluated
based on the results obtained using accuracy. The subsequent sections discuss the methods used
for preprocessing the data to make it ready for classification task and the methods with regard to

classifier building and evaluation.

3.2 Tokenization

Tokenization is the process by which tokens are identified as candidates to be used as features.
Candidates in the sense that stop words and numbers are removed from tokens. And tokens which

do not satisfy Document Frequency (DF) thresholding are not considered.

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

sequence is identified as a word.

During the translation of Amharic news using SERA, punctuation marks are also translated to

their matches, accordingly. Table 3.1 shows some examples of translation of punctuation marks

43



from Amharic script to Latin script. Translation of all the characters including punctuation marks

is attached in Appendix 5.

Amharic character | Translated to

3

?

(space)

Table 3. 1 Example of Amharic Punctuation Marks Translation
The translated punctuation marks are considered for processing: for replacing punctuation mark

with space and using space as word demarcation. Algorithm 3.1 illustrates the process of

tokenization.

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

while end of file

3.3 Stop Word and Number Removal

Stop words are non content bearing words, which are less discriminating among documents since

they appear in most of them. There are common stop words in Amharic which are used for
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grammatical purposes like Ta., TM1C, PSY°, A, T1C7, ete, which are non informative to
identify documents. In addition to the common stop words, there are also news specific stop
words like 140, NINPA, A @, eic; their use is for elaboration and common to all news in
accordance with the reporters of ENA. Because of the unavailability of standard stop list done by

previous researchers, the researcher of this study is obligated to develop stop list.

Since stop words are highly frequent words, total frequency of terms aided by manual inspection,
is the method employed in the process of identification of stop words. Stop list is prepared after
identifying stop words; the list that contains, words which have to be removed from tokens
generated during the tokenization process. The need of manual inspection is, because of
frequently occurring keywords. For example, the word “l:&NY°’ (‘tourism’) is the most frequent
word in the category ‘Tourism development’, which is crucial in discriminating the category.

Hence, such words are not included in the stop list.

The purpose of identifying stop words is, to remove such words from the list of index terms.
Index terms are believed to represent news or discriminate one news item from the others;
whereas, stop words are not. Hence, using those words in the list of index terms is unimportant.

That is why their exclusion from index term list is vital.

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

contain any number.

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

[f token is in stop list then
Remove from token list

end if

[f token is number then

Remove from token list

end if

3.4 Stemming

Stemming is changing varying words, due to grammatical reasons, to the root form of the word.
Stemming is one of-the preprocessing made on Ambharic text news for this study. Stemmer that

can remove common Ambharic prefixes and suffices is developed.

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

are presented in Appendix 7.

Type | Affix Example
Word | Translated to
n Y B
% an | OAET? | BN
~ Ta oz |[Ew
A A R
éj T |REMT | B
2o Ry | Ee

Table 3. 2: Affix Removed During Stemming
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The stemmer developed for this study is based on affix removal algorithm using the concept by
Nega and Willett (2002). In such case, rules are applied to find the stem of Amharic words. The
rules to remove prefix or suffix from a given word may not hold true always. For instance,
removing ‘@,’ (‘wu’) from the word ‘A’ (‘person’) would give ‘0 (‘se’), which is
meaningless; and removing ‘(1" (‘be’) from ‘“(IA%° (‘autumn’) gives ‘A" (‘1g”),which does
not represent the original meaning. Hence, two exception lists are prepared for which affix

*

removal rules do not applied.

¢ List of words that prefix removal rule does not hold true and

e List of words from which suffix removal rule is not applied.

The stemmer developed takes words as an input and removes prefix of the word. After the prefix
is removed, the word is again checked if it lasts with suffix in the suffix list, if so, the suffix is

removed from the word. Table 3.3 shows an example.

Example 1 Example2 Example3  Example 4
Input: 573 2715 PRy PETYy
Prefix: No No f g
Outputl: L™ 5y ) By
Suffix: No ¥ No 7
Final output: 277 g7 zm am

Table 3. 3: Example of Stemming
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Algorithm 3.3 shows the procedure of finding stem of a word.

Algorithm 3.3: Stemming

L= token length-1
If token starts with prefix then
If token not in exceptional list then

token=token[prefix length: L]

update token length
L=token length-1
end if
end if
If token ends with suffix then
If token not in exceptional list then
length=L-length of suffix
token=token[0:length]
end if
end if

3.5 Index Term Weight

All index terms are not equally important in representing and discriminating a document; it is
thus, required to measure how important a term is with regard to representation and
discrimination of a document. TF and TF*IDF are the weighing schemes used in this study. The

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

for n to the number of news

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

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

end for

3.6 Dimension Reduction

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

identified. The need to reduce the dimension is:

e [rrelevant features are removed which may affect performance badly.

e For convenient computational complexity.
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In this study, Document Frequency (DF) thresholding is used to reduce the dimension of features
generated. DF is the number of documents that contain a certain feature. The procedure for
computing DF is shown in Algorithm 3.4 as d,. DF thresholding is employed for each category to
select features. The system is supported by manual observation; whether stop words which are
not eliminated during stop word removal are mixed and if there are important features which do

not satisfy the threshold.

3.7 Matrix Generation

After all the processing on Amharic news documents have been finalized, matrices have been
generated to be fed into the learning algorithm. The matrices constitute terms and class as rows,
The value of terms is the result of TF or TE*IDF weight methods. Finally, class attribute has
been assigned the category label of each news item. The category name and category label of

news are depicted in Table 3.4,

[ Category Name Category Label
Bank and insurance

Tourism development

Mines and energy

ICT

Art

Educational coverage

Weather forecast

Religious assemblies and reports
Creativity work

ReRiecR RN ER ) U0 SO TUCY NG ) N

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

weight methods.
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Algorithm 3.5: Generating Matrix

for i to size of index terms
Write index term
do
If index term is in file then
Write TF or TF*IDF value
Else
Write 0
end if
while end of file
Write category label
Return to new line
i=i+]

end for

3.8 Classifier Building and Evaluation

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

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

3.8.1 MATLAB 7.0

The neural network tool box of MATLAB 7.0 supports command line or Graphical User
Interface (GUI) to create, train, simulate (test) the network. For this study, GUI has been used to
import data and create networks. And command window has been used to initialize epoch, create

target, train networks and simulate (test) networks.
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The preprocessed data has been prepared in CSV (Comma delimited) file format; that MATLAB

can read. Actually, MATLAB can accept other file types too.

3.8.2 LVQ Algorithm for Amharic Text Classification

The procedure of using LVQ for Amharic text classification is:

Create LVQ network

e Create target of the training dataset

Train the network using training dataset

Simulate (test) the network using test dataset

3.8.2.1 Creating LVQ Network

LVQ network is created using GUT of MATLAB. For the creation of the networks, the following

parameters are specified.

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

automatically generated from input matrix.

Number of Hidden Neurons: is the number of subclasses, which is always larger than the
number of categories. For this study, in each experiment double to the number of categories is
taken as the number of hidden neurons with the intension of representing each class (category)
with two neurons after carrying out preliminary trials, There is no mechanism to assign neuron
for each class separately in MATLAB; that is, no mechanism to assure equal distribution of
neurons across classes. In this study, various epochs are experimented rater than varying number

of hidden neurons by observing the result in three categories experiment using TF weight method
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because good result (94.81% accuracy) is obtained by changing epoch at this experiment, Hence,

the trend is followed for all experiments.

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

training dataset.

Learning Rate: In LVQ, the learning rate states that the fraction of the distance between data
point and the closest reference vector. It determines how far the reference vector is moved
towards or away from the data point. The default value is 0.01, that is, the reference vector is
moved 0.01 times the distance to the data point. In this study, the default learning rate (0.01) is

used.

Learning Function: is the learning rule in LVQ. In MATLARB, there are two learning rules
learnlvl (LVQ 1) and learnlv2 (LVQ 2.1), Discussed in Section 2.5.7.2 of Chapter Two.
Applying learnlvl is the prerequisite to use learnlv2; hence, learnlv2 can only be used after

applying learnlv1. The learning rule employed in this study is learnlv].

3.8.2.2 Creating Target

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

number of training dataset as shown in Table 3.5;
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Oo|IoCc || oo | |—
OO0 |0 |0 |0 |0 |0 |—
OO OO0 |0 | 0|0 |O |~
oo o0 |IC|(IC|IO | |—
OO 0|0 (C |0 |10 |0 (=
oo |ICICc|ICc|IO|IT |—
(B e [l o Y o ) o ] e ) e e Y
(=T e e 3 e B o T K B e B e Y
OO | |O|IC | | —

Table 3. 5: Targets for Nine Classes

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

a target column.

3.8.2.3 Training the Network

The construction of the classifier has been done using Learning Vector Quantization (LVQ) in a
supervised manner. Hence, the algorithm demands training and test datasets which are
preclassified by the experts. LVQ algorithm uses training dataset for classifier construction; and

test dataset for the evaluation of the classifier constructed.

The training dataset constitutes 66.67% of the total data. The data is in CSV file format and

imported using GUI of MATLAB.

Before training is started, the following parameters are set.
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epoch: is the learning steps. In this study, various levels of epochs are experimented. Nine epoch
levels are used for training: 100, 500, 1000, 1500, 2000, 2500, 3000, 3500 and 4000. epoch is set

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

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

levels because if smaller interval is chosen it takes long time to reach to 4000.

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

In this study, the default ‘show’ is used, which is 25.

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

study, which is 0.

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

input pattern.

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

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

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

following according to Demuth and Beale (2004).
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MIDPOINT: is a weight initialization function that sets weight (row) vectors to the center of the

input ranges (minimum-+maximum/2).

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

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

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

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

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

its net input to decide on the predicted class.

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

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

The learning rule or the type of LVQ employed is LVQI (learnlv1), the algorithm works in the

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

Step 1 Initialize the codebook vectors w; and the learning rate o

Step 2 Randomly select an input vector x

Step 3 Find the winner unit closest to the input vector (the codebook vector w, with the smallest

Euclidean distance with regard to the input vector x):
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D= (x-w,)

Formula 3.1: Euclidean Distance

In Formula 3.1, n is the number of vectors in a codebooks, D is Euclidean distance between the
input vectors, x and their representatives, w, (codebook). The smallest D will be considered to

select label for the input vector.

Step 4 Modify the weights of the winner unit:

* If we and x belong to the same class (the classification has been correct), then
We(I+D=we()+a(t)[x(t)-w(1)]

* If we and x belong to different classes (the classification has not been correct), then

We(t+ D)=wo(—a(n)[x(1)~w.(1)]

Step 5 Reduce the learning rate o

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

3.8.2.4 Testing the Network

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

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

data shown in Table 3.5.

“Ye = vec2ind(Y);’ converts the target into value of 0 and 1 to actual category label. In this

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

Ec = Tes-Ye; Ec is the number of misclassified news, Tcs is category of test dataset and Y is the

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

EXPERIMENT AND PERFORMANCE EVALUATION

4.1 Introduction

This study is concerned with automatic Amharic text news classification, which is a type of
supervised learning. In this case, there are instances which can be used for training or learning
and there are instances used for testing the classifier. For both learning and testing, preclassified
data is required. Taking this into consideration, precategorized data have been collected and
preprocessing is made on the data so as to make it ready for classifier learning. From the

preprocessed data, classifier has been constructed and its effectiveness has been evaluated.

The subsequent sections discuss the architecture of this study, the process of making the data
ready for classification task and finally, experimentations are conducted on automatic Ambharic

text news classification using TF and TF*IDF weighting schemes.

4.2 Architecture of Automatic Amharic Text News Classification

The architecture of automatic Ambharic text news classifier has three basic components-

preprocessing, classifier construction or building and classifier evaluation.

Preprocessing is the process of making the data ready for experiment. Since the collected news
items are unstructured and stored in a database in a way suitable for the application of ENASoft,

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

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

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

architecture of this study.

=27 M”00+ (LA F -+

P ¢t ’ 1+ A1 5 ;
reeuc Amharic News ¢ +m - T\lorma_hza.t]on and
TR FE ¢4 I'okenization
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Y

Stop word and Number
Removal, and Stemming

Weighting

y

Dimension

/ Reduction
Train‘i“guy Test Dataset

Classifier Classifier
Training Testing
Category

Assigned

TEFFE Mode l
- Accuracy

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

based on the test result using accuracy.

4.3 Data Source

The data source for this study is news of ENA. The news items are stored in SQL server using the
format of Visual Ge’ez Unicode. 47, 037 news items are extracted from the server of ENA. The
majority (83.6%) of news are from the years 2007 and 2008. Only 16.24%, from the total data
collected, are from 2003, 2004, 2005, 2006, 2007 and 2008 years. According to the interview
made with ICT coordinator of the agency, the four years news items are not complete due to

damage. Table 4.1 shows the number of news items in each year.

No. | Year | Number of news | Percentage
1] 2003 39 0.083%
212004 98 0.208%
312005 2 0.004%
412006 7,500 15.945% i
512007 20,359 43.283%
6| 2008 19,039 40.477%
Total 47,037 100%

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

categories are attached as an Appendix 6.

For the purpose of this study, nine categories are taken into consideration. The nine categories
have been selected based on random sampling, which are Bank and insurance, Tourism
development, Mines and energy, ICT, Art, Educational coverage, Weather forecast, Religious
assemblies and reports, and Creativity work. The number of news items in each category and the

total number of news items are shown in Table 4.2.

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

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

4.4 Removed News

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

been considered due to various reasons. Which means that there are news removed from the data

62



and part of news are considered for the construction of the classifier. Some news items disturb the
objectivity of the study others are not relevant for the purpose meant for. The removal is made by
exporting news from SQL server to Microsoft Excel because Microsoft Excel is found to be very
convenient for the researcher and suitable to view Amharic news. 224 news items are removed
due to various reasons. Table 4.3 shows the number of news items removed for the various

reasons.

Reason for Removal No. of News
Null Values 53
Misclassified News 36
Meaningless Characters 78
Redundancy Problem 18
Correction of News 26
Language Problem 13
Total 224

Table 4. 3: Number of Removed News [tems

The subsequent parts describe the reasons for the removal of news items.

4.4.1 Null Values

The study considers three important parts of news for the purpose of selecting relevant features. It
has been believed that news articles can be represented by headline, keyword and slug. That is
why the three parts of the news are taken into account for this study. Hence, records are removed
if they lack headline, keyword, or slug. Table 4.4 is an example of news with no value in the

keyword and slug attribute.
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Head Line Keyword | Slug
CAAEH£T av AR 1R D AT PULeNT PP
WrE PO G T (FL7F A% AN 0

Table 4. 4: News [tem with Null Value of Keyword and Slug

4.4.2 Misclassified News

Due to error made during data entry in ENA, some news items are entered in a wrong category
that they do not belong to. Misclassified news items are identified with the help of reporters of
ENA. For example, the following news item with the meaning ‘According to consumers and
merchants the price of fruit have no change since last week’, is categorized as ‘Bank and

Insurance’ while it belongs to the category ‘Trade’.

“@RANAT AT P AL hado AFF AN Ao+ T KhATIA0ET APTG99 827

10027

4.4,3 Meaningless Characters

Records with erroneously entered characters are removed from the data. If a news item contains
characters that do not convey any message, it has been reduced from the data. Actually, care is
taken to do that; reporters are asked the meaning associated with such characters but they replied

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

Head Line Keyword | Slug

7? 27 7?

ANNNAELL TN | 4. 1

Table 4. 5: Meaningless Characters Found in News Collection
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4.4.4 Redundancy Problem
News items which contain redundant words, phrases or sentences are removed since they disturb
the objectivity of news representation using index terms. The following news, meaning: ‘739

students are graduated’, belongs to the category ‘Educational Coverage’, which is repeated four

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

hAE Now o PI°UCT TED69 LAAMGT oY 739 T76PT aomfavl e UM,
0894 W hAhavldd:: DA (&0 Tar CTUCT TEDEP® LAAMTTarT 739
DT NP amd @ L 1596 W Alaldd:: hAE  (ew&iiTo- ¢9UCT
TEYEP® LAAMTTDT 739 191627 aonBonsf AL 1896 e hhondd:: DA

N 205 - P19°0CT TED9° LOAMS T 07 739 TP T

4.4.5 Correction of News

Some news items contain correction of the original news. For such kinds of news items,
‘correction’ (‘“74.9%.€°) is written on the headline. Those news items have been removed from

the data since they do not contain the sense of the news.

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

written using English, the fifth item.
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4R AR 3T €1 PFC TEEE Prord PNER AR T PHC PREE by rin

A EE P AL MNm- AF 01T hoolFS A ed 3rm AP I
PHATIT PLAT HWImT PEPTF AFmh 1o §hELTCPA AL PT URE by

h 10 @2A 7 C M0e 29°F Pater Ured |\ PRE ovilt P E et
Minassie 144 LEE

P E ool t U3 9mGhC AhNT LT Am FFE ool U PFE onilt U
PN @METF 37 TRIPT NELT O 02 FU-F N hyri

eINF ok P LUEC MCAEF PEFPEE AN LT fwars. bt thét
Figure 4. 2: News Item Written Using English Character
After removing news with the fore mentioned problems a total of 1, 538 news items remain.

Table 4.6 shows the categories together with the number of news considered.

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

Total 1,538

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

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

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

Ambharic characters are translated into Latin script for processing purpose using SERA, which is a
system of converting Amharic characters into ASCII. The character table of SERA in Appendix 5
is modified according to information in Appendix 8. The modification is required in order to
change Amharic characters with different symbols but similar sound to one common form. For

example, in SERA character table ‘0’ is mapped to ‘he’ and 7* is mapped to ‘ha’ but both ‘U

and Y’ have similar sound, hence in this study, both are translated to ‘he’.

The need to handle various forms of characters with the same sound is, to treat the same word
with such different characters as one word. In Amharic, there are various characters with the
same sound as discussed in Chapter Two of Section 2.6.4.1. And there is no rule where to use
those varying characters. In the news collected, inconsistent usage of such characters is very
common. If those characters are not replaced with one common character, the same word is

treated differently. As a result, we obtain more than one index term for the same word.

The word “1*9"0C-1" (‘education’), for instance, is found in the data written in three forms as
SPPOUC, YR RCHT and TP G, which means, there are three index terms for the word
“1-g°UCA (‘education’) even if all the three forms have the same meaning, ‘education’. Such
kinds of things increase computational complexity (decrease efficiency) and decrease
effectiveness (accuracy). Therefore, all words with varying characters but having the same sound

are converted to one common form.

The collected news items are stored in SQL server. All the news are exported and saved as text

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

represent the contents of news.

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

range given for each category as shown in Table 4.7.

No. Category Filename Range

1 | Bank and insurance 0-296
2| Tourism development 297-549
3 | Mines and energy 550-800

4 | ICT 801-967

5| Art 968-1, 119

6 | Educational coverage 1, 120-1, 257

7 | Weather forecast 1,258-1, 389

8 | Religious assemblies and reports 1, 390-1, 492

9 | Creativity work 1,493-1, 537

Table 4. 7: Filename Range for each Category

4.6 Stop Word and Number Removal, and Stemming Experiments

Preprocessing done on the data is to generate matrix of terms and their TF and TF*IDF weight
values. But all terms are not used as representatives of news due to high dimensionality. Hence
forth, after tokenization, words which have less contribution in representing and discriminating
news have been eliminated. Such terms are stop words and numbers. As a method of enhancing
representation, stemming is also used to bring words with similar concept but varying characters
due to grammatical usage of Amharic; that would otherwise be treated differently if stemming is
not considered. Table 4.8 shows the results with regard to the number of features, reduction of
features in number and percentage (%) after each preprocessing has been made and after all the

preprocessing tasks are made together.
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Category Tok. Number Stop Word Stemming All Preprocessing
Name N Removal Removal
FN |[RN|R% | FN |RN |[R% | FN | RN | R% | FN [ RN | R%
Bank and
insurance 1007 | 967 | 40397 | 974 | 33| 3.28 | 841 166 | 16,48 | 613 | 394 | 39.13
Tourism
development 1176 | 1162 | 14 | 1.19 | 1137 | 39332 | 926 | 250 | 21.26 | 834 | 342 |29.08
Mines and
energy 1303 | 1267 | 36 |2.76 | 1264 | 39 (299 | 1026 | 277 | 21.26 | 905 | 398 | 30.54
ICT 856 | 840 | 16| 1.87| 827 | 291|339 | 685| 171 | 19.98 | 622 | 2342734
Art 743 | 740 30 04| 723 | 20|269| 627 | 116 | 1561 | 587 | 156 21
Educational
coverage 794 | 777 | 17214 | 752 | 42| 529 | 628 | 166 2091 | 541 | 253 | 31.86
Weather
forecast 644 | 642 21031 619 25| 3.88| 494 | 1150|2329 | 447 | 197 30.59
Religious
assemblies
and reports 717 | 712 5/ 07 684 33| 46| 608 109 | 152 | 557 | 1602232
Creativity
work 340 | 336 41118 328 ] 12353 | 296 44 112,94 | 273 67 | 19.71
5129 | 5032 | 97| 1.89 | 3662 | 103 | 2.01 | 5026 | 1467 | 28.6 | 3258 | 1881 | 36.48

Total

Table 4. 8: Stop Word and Number Removal, and Stemming Experiments Results

In Table 4.8, Tok.N is the number of tokens generated by tokenization process, FN is the number

of features after each preprocessing, RN is the number of reduction of features from the total

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

The ‘Total’ of the column ‘FN’, in Table 4.8, is not the sum of all features. There are common

features which occur among two or more categories. That is why, the ‘Total’ of the column ‘FN’

reduced from the sum of features in each category.

From Table 4.8, it can be observed that stemming reduces features better than other

'preprocessing methods, which is 28.6% for all categories. Stop word removal reduces features by

2.01% and 1.89% features are reduced from the total features as a result of number removal.

When all the preprocessing is done together, 36.48% of features are reduced for all categories.
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The amount of features reduced is considerable but greater number of features can be reduced if
stop word removal system and stemming systems are complete. If the stop word removal system
uses stop word list that incorporates all stop words better reduction can be achieved according to
this study. Using the stemmer developed, good result is obtained; if standard stemmer that takes
all affixes into consideration is used, again the result of this study indicates that more reduction
can be accomplished. Amharic is morphologically reach that needs the development of
sophisticated stemmer; for example, the word ‘ebyate*’ (‘A-12-1”) is not stemmed to ‘bEt’
(‘0L1) in this study. If such cases are incorporated, stemming method can brought good

reduction in the number of features according to the result of this study.

4,7 Dimensionality Reduction of Features

The number of features is too many (3258) even after undergoing different preprocessing
methods. Hence, dimensionality reduction method using Document Frequency (DF) thresholding
is carried out to reduce features further. The reduction is required to represent news with the most

important features and hence, reduce computational complexity.

DF value of a term is the number of documents which contain that term. Hence, DF is
experimented for each category to identify features which can well represent and discriminate
each category. In doing so, a semi-automatic technique is employed to identify the most
representative terms for each category. This enables to check important terms which do not
satisfy the DF threshold and also irrelevant terms which satisfy the DF threshold. Consultation
with ENA reporters is fundamental to decide whether a word is keyword or not for that category.

For example, the term ‘ityoPya’ (‘A 102 £7) occurred in 46 news items in the category ‘Bank

* Appendix 5 can be referred for the translation of Amharic script to Latin script
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and insurance’, which satisfy DF threshold. But the term is not keyword for the category; as a
result, the term is excluded in the feature list of the category. On the other hand, the term
“inxurans’ (‘A.7f+¢-"70) has DF of 8, which is below the threshold, but it is the most important
keyword in the category ‘Bank and insurance’; hence, it is included in the feature list to represent

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

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

Table 4. 9: DF Threshold and Number of Features for Each Category

For example, the category ‘Creativity work’ has the features ‘feTera’ (‘é.mé’), ‘mrmr’

C9PCIC), ‘elmroewi’ (‘AAYCAP’) and ‘patent” (T 1F1).

The experiment for this study is carried out on three, six and nine categories; thus, the number of
features is not the sum of features for the three (ICT, Art and Educational coverage), six (ICT,
Art, Educational coverage, Weather forecast, Religious assemblies and reports and Creativity

work) and nine (Bank and insurance, Tourism development, Mines and energy, ICT, Art,
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Educational coverage, Weather forecast, Religious assemblies and reports and Creativity work)
categories as there are common features which occur across categories. Table 4.10 depicts the

feature size for the three, six and nine categories.

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

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

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

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

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

preprocessing, are used as features by the application of dimension reduction step.

4.8 Matrix

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

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

an output of the input patterns, from which targets are created.

AN

'turizm' 0 0 0 0 0 0 0
TPVt

'tmhrt' 0 0 0 0 0 0 0
4]

'bank’ 0 1 1 0 3 0 0
e

'mnzari' 2 1 0 1 1 2 2
TIRET

'maldn’ 0 0 0 0 0 0 0

Class 1 1 1 1 1 1 1

Table 4. 11: Matrix Using TF Weight Method
In Table 4.11 and Table 4.12, zero indicates that the feature does not occur in that category;

otherwise its weight value is used to show its importance.

RS HT
"turizm’ 0 0 0 0 0 0 0
T9UCT
| 'tmhrt’ 0 0 0 0 0 0 0
07n
'bank’ 0 346 (346|0 1038 | 0 0
AR 4 P
'mnzari’ 6.64 13320 3.3213.32 |6.64]6.64
TRET
'maldn’ 0 0 0 0 0 0 0
Class I 1 | 1 | 1 ]

Table 4. 12: Matrix Using TF*IDF Weight Method



4.9 Classification Experiment on Amharic Text News

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

respectively.

4.9.1 Experimental Plan

There are 54 experiments carried out totally. For each experiment, nine levels of epochs are used

and experimented, which are 100, 500, 1000, 1500, 2000, 2500, 3000, 3500 and 4000 epochs.

Since the objective of the study is to see the trend in performance with the increase in the number
of categories and news, the experiments done are on three, six and nine categories with increasing
number of categories and news. To select the three groups, categories are arranged in decreasing
number of news as can be referred from Table 4.6. And the categories are grouped into three

groups with each group having three category members according to Table 4.13.

Groupl Group2 Groupd
Category News No. | Category News No. | Category News No.
Bank and 297 | ICT 167 | Weather forecast 132
insurance
Tourism 253 | Art 152 | Religious 103
development assemblies & report
Mines and energy 251 | Educational 138 | Creativity work 45

coverage

Total 801 | Total 457 | Total 280

Table 4. 13: Categories in Group to Plan the Experiment

Comparing the three groups, 801 is the largest number of news items. One of the aims of this
study is to see performance effect at increasing number of news items. Hence, the first group is

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

select for the three categories experiment.

For the six categories experiment, if the group with smaller number of news added, the nine
categories experiment will have largest enough number of news items that complements with the
objective. Hence, Group2 and Group3 are taken for the six categories experiment and Group 1 is

left to be added in the nine categories experiment.

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

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

I. Three categories: ICT, Art and Educational coverage.

2. Six categories: ICT, Art, Educational coverage Weather forecast, Religious assemblies and
reports, and Creativity work.

3. Nine categories: Bank and insurance, Tourism development, Mines and energy, ICT, Art,
Educational coverage, Weather forecast, Religious assemblies and reports, and Creativity

work.

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

experiments.

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

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

The TF weighting scheme is based on the occurrence of the term in that news item. In a term
(rows) by news (columns) matrix, TF represent the cell value as depicted in Table 4.11. The

experiments on three, six and nine categories are discussed in Section 4.9.2.1 to 4.9.2.3.

4.9.2.1 Classification for Three Categories

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

Educational coverage’. The datasets for training and testing are summarized in Table 4.15.

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

ICT 1 9 122 81 41 0.299

Art 2 10 148 99 491 0.365

Educational coverage 3 15 136 91 45 0.336

Total 32 406 27 135 1

Table 4. 15: Datasets Summary for Three Categories

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

which is computed by dividing training set percentage by 100.

Thirty two features have been identified for the three categories as presented in Table 4.10 of
Section 4.7. Fifty one news items which do not contain any of the features in the matrix
generated have been removed. The reason for removing those records is that, if news item does
not contain any of the terms in the matrix; it obviously belong to other category. Because, manual

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

be identified during misclassification identification.

The networks have been created and trained at various levels of epochs. Evaluation has been

made and accuracy has been recorded for each epoch levels as presented in Table 4.16.

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

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

that the misclassifications results and the wrong category assigned are the same.

100, 1500 and 3000 epochs: The same accuracy of 69.63% is obtained. In these tests, it has been
observed that the misclassified news items belong to ‘ICT’ category. When analyzing, ‘ICT’
category have least number of training data and features as compared to the categories “Art and
Educational coverage’. All the news items of the category of ‘Art and Educational coverage’ are

classified correctly, which have larger representative in the training data.

500, 1000, 2500, 3500 and 4000 epochs: Accuracy of 68.89% is registered. These experiments
are similar to the above experiments. The only difference is, one news item that belongs to the
category ‘Educational coverage’ is misclassified to ‘Art’ category (which contains the highest

number of training data). The news item contains the word ‘mrqat’ (‘9°C.#1*) and ‘temari’

(“-1"1¢") that occurs in small number from 91 training dataset (6 and 11 times respectively).

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

items are categorized correctly except seven news items which are misclassified to the category
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‘Art’. As mentioned, the category ‘Art’ contains the highest number of training instances in the

three categories experiment. Misclassified news items and their feature with TF value at 2000

epoch is shown in Table 4.17.

No. Feature F | Class in Test Data | Misclassified To
1 | Eyer (AfC) 1|ICT Art
2 | mrmr (°CI°C) 1|ICT Art
3 | Temari (-1""7¢) 3 | Educational Coverage | Art

tmhrt (19°UCT+) | 1 | Educational Coverage | Art
4 | Mrqat (9°G271") | 2 | Educational Coverage | Art
Temari (-1"774) 1 | Educational Coverage | Art
5 | Temari (-I*"16) 3 | Educational Coverage | Art
tmhrt (1:9°0UC-T) | 1 | Educational Coverage | Art
6 | tmhrt ("g°0C-1+) | 1 | Educational Coverage | Art
7 | mrqat (9°C.2T) 2 | Educational Coverage | Art
Temari (-1"74) 1 | Educational Coverage | Art
tmhrt (-9°VC-T) | 1 | Educational Coverage | Art

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

In the test dataset, the word ‘eyer’ (‘APC?) is found in the news item that belong to the category
“ICT’; but, the word ‘eyer’ (‘hAP(.’) is the keyword for the category ‘Weather forecast’. During
testing, the news item is classified to the category ‘Art’, which has the highest number of news,
wrongly. The news item in actual context belongs to the category “Weather forecast’; but it is
misplaced in the category ‘ICT’ due to error. The news item is not identified during

misclassification identification at the start.

The second misclassified news item contains the word ‘mrmr’(‘9°C9°C’), which is keyword for
the category ‘Creativity work’. It may be due to this ambiguity that the news item is misclassified

to ‘Art’ category with the larger number of news items.
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It is also observed that, news item that contains only the features ‘mrqat’ (‘9°CF1) and
‘temari’ (“1"“76°) in the category ‘Educational coverage’ are classified wrongly to ‘Art’
category. The reason may be the features occur in small number of news. Out of 91 training
dataset, the word ‘mrqat’ (‘9°C.%71*") occurs in 6 news items and the word ‘temari’ (“T“76")

occurs in 11 news items.

The other misclassified news item contains the word ‘tmhrt’ (T9°UCT) with TF of 1. The
word ‘tmhrt’ (“1"9°VC-1) is the most important keyword for the category ‘Educational
coverage’ but news items which contain the feature with frequency of 1 are misclassified to “Art’
category. The feature occurs more than one in all the news items except the misclassified news;

this may be the reason of misclassification.

In all the experiments for three categories, when there is misclassification, the wrong category
assigned has the highest number of training data. And most misclassifications are due to all news
items misclassification in certain categories except 2000 epoch experiment. This occurs when the
categories are not well represented by enough number of subclasses (hidden neurons) according

to Umer and Khiya (2007).

4.9.2.2 Classification for Six Categories

The six categories considered are ICT, Art, Educational coverage, Weather forecast, Religious
assemblies and reports, and Creativity work. From the six categories, ‘ICT, Art and Educational
coverage’ are used in the first experiment. The rest three categories are added for increasing

category and news number as the aim of the study is to see the effect on performance when
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category and news number are increased. Table 4.18 provides summary statistics of datasets used

for training and testing.

Class Name Class | Feature | News | Trainingset | Testset | Output
Label No. No. (66.67%) (33.33%) Yo

ICT | 9 122 84 38 0.185
Art 2 10 148 98 50 0.216
Educational Coverage 3 15 136 90 46 0.198
Weather forecast 4 6 131 88 43 0.194
Religious assemblies
and reports 5 13 96 64 32 0.141
Creativity work 6 4 45 30 15 0.066
Total 47 678 454 224 l

Table 4. 18: Datasets Summary for Six Categories

The six categories have forty seven attributes totally. Fifty nine news items which do not contain

any of the features have been removed. The results of testing for the six categories are depicted in

Table 4.19.
Epoch 100 500 1000 1500 2000 2500 3000 3500 4000
Accuracy | 61.61% | 61.61% | 61.61% | 61.61% | 61.61% | 61.61% | 61.61% | 61.61% | 61.61%

Table 4. 19: Accuraey for Six Categories Using TF Weighting Scheme at Various epoch Levels

In these experiments, similar result, 61.61% of accuracy, is registered for all levels of epochs,

Not only the accuracy, but also the misclassification of instances is the same for all the epoch

levels. Like the previous results, all the news with small number of news items in the training

dataset (ICT, Religious assemblies and reports, and Creativity work) are misclassified into wrong

categories with more number of news items and features.
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All the news items of ‘Educational Coverage and Weather forecast’ categories are classified
correctly. From the category ‘Art’, only one instance is misclassified to the category ‘Weather
forecast’. Observing the test data indicates, the news item contains the words “ertist’ (‘ACTNT)
and ‘eyer’ (‘APC’). The feature ‘eyer’ (‘hPC) is the keyword for the category ‘Weather
forecast’. This may be the reason that the news item misclassified to the category ‘Weather

forecast’.

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

dictates the lack of enough number of subclasses which can represent each category.

4.9.2.3 Classification for Nine Categories

The final experiments using TF weight method have been made for all the nine categories ‘Bank
and insurance, Tourism development, Mines and energy, ICT, Art, Educational coverage,
Weather forecast, Religious assemblies and reports, and Creativity work’. The statistics of

datasets is shown in Table 4.20.

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

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

Bank and insurance 1 71 294 196 98 0.201
Tourism development 2 8| 247 165 82 0.169
Mines and energy 3 8| 242 161 81 0.165
ICT 4 9| 122 81 41 0.083
Art 5 10| 149 99 50 0.102
Educational Coverage 6 15 136 91 45 0.093
Weather forecast 7 6 131 87 44 0.089
Religious assemblies and
reports 8 13 97 65 32 0.067
Creativity work 9 4 45 30 15 0.031
Total 69 | 1463 975 488 |

Table 4. 20: Datasets Summary for Nine Categories

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

Epoch 100 500

1000

1500 | 2000

2500

3000 3500 4000

Accuracy | 62.09% | 62.3%

61.48% | 70.08% | 62.3%

61.07%

61.48% | 61.89% | 61.68%

Table 4. 21: Accuracy for Nine Categories Using TF Weighting Scheme at Various epoch Levels

Except the 1500 epoch experiment, all the news items which belong to the categories ‘ICT, Art,

Weather forecast, Religious assemblies and reports, and Creativity work’ are not classified

correctly. For the 1500 epoch experiment, all the news items of the category ‘Weather forecast’

are classified correctly. The categories ‘ICT, Art, Weather forecast, Religious assemblies and

reports, and Creativity work’ those their news items are not assigned to correct classes have the

least number of news data as compared to other categories considered. This is similar to what has

been observed on the three and six categories experiment. The difference here is, the category

‘Educational coverage’ with less number of news (131 news items) than the misclassified

category ‘Art’ (149 news items) is among the category in which its news items are correctly

classified. This may be due to the largest number of features (15) in the category ‘Educational

coverage’ as compared to all the categories.
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Most of the news items which belong to categories with larger number of news items are
classified correctly, only some news items are misclassified from these categories. These
misclassifications at the various levels of epochs are analyzed and discussed below by observing

the data.

1006 epoch: 62.09% of accuracy is registered. At this experiment, all the news items of the
category ‘Tourism development’ are classified correctly. One news item is misclassified to
“Tourism development’ in the category ‘Bank and insurance’; the news item contains the features
‘mereja’ (‘ow£8”) and ‘faynans’ (‘4-£.5FN°). The word ‘mereja’ (‘opd ) is keyword for the
category ‘ICT’; this ambiguity may be the reason of misclassification to category with the higher
number of features, ‘Tourism development’. And also one news item in the category ‘Mines and

energy’ is classified to ‘Bank and insurance’ wrongly. When the data is observed, the news item
contains the features ‘heyl’ (‘0&A’) with TF of 1, ‘bdr’ (“1£ ) with TF of 3, *ElEktrik’
(‘hWA16) with TF of 1 and ‘bank’ (‘07771°) with TF of 1. The words ‘bdr’ (*{1£:C") and
‘bank’ (‘0781°) are the keywords to the category ‘Bank and insurance’ with higher TF sum value;

which may be the cause of misclassification.

One news item from the category ‘Educational coverage’ is misclassified to the category

‘Tourism development’, which is the second in the number of news it contains (but exceeds the
first in the number of features). The news item contain ‘mrqat’ (‘9°C.F-17) and ‘temari’
(“1"™7¢), which are words occur in few (6 and 11 respectively) number of news as described

earlier.

500 and 2000 epochs: at these epoch levels, the same accuracy of 62.3% is resulted. The results

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

consideration of the word ‘faynans’ (‘4-.£.5701") may be the reason for the correct classification.

1000 and 3000 epochs: 61.48% of accuracy is registered. Like 100 epoch experiment, the same
result is encountered except the misclassification of additional three news items. These news
items belong to the category ‘Bank and insurance’ but wrongly classified to ‘Tourism
development’ category. When the news items are observed, all the news items contain the word
‘faynans’ (‘“4-£57N") only. The presence of only one feature may be the cause of

misclassification.

2500 epoch: at this experiment, 61.07% of accuracy is registered. The result is similar to the
experiments at 1000 and 3000 epochs but two additional misclassifications. These news items
with the word ‘qrs’ (‘“PCQ1"), belong to the category ‘Tourism Development’ but misclassified to
the category ‘Mines and energy’. The news items contain only one feature ‘qrs’ (“PC:(); hence,
it may be the motive to be misclassified into the wrong category. The other difference with the
1000 and 3000 epochs experiments is, the three news with the word ‘faynans’ (‘4G "20’) in the
category ‘Bank and insurance’ are misclassified to the category “Tourism development’ in the
1000 and 3000 epochs experiment; but, in this case, they all are misclassified as ‘Mines and

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

3500 epoch: 61.89% of accuracy is resulted at this experiment. Two news items with the word
‘qrs’ (“PCN°), like 2500 epoch experiment, are misclassified; but, in this experiment they are
misclassified to the category ‘Bank and insurance’, which have the largest number of news items.

As of experiment 100 epoch, the news item with the features ‘heyl” (‘0%A’) with TF of 1, *bdr’
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(NLC) with TF of 3, ‘EIEktrik’ (‘A0.071:¢01°) with TF of 1 and ‘bank’ (‘07#1°) with TF of 1,
is misclassified to ‘Bank and insurance’ while it belongs to the category ‘Mines and energy’. And
similar to the 100 epoch experiment, one news item in the category ‘Educational coverage’

misclassified to the category “Tourism development’.

4000 epoch: 61.68% of accuracy is achieved for this experiment. One additional news item is
misclassified compared to the above experiment, 3500 epoch. This news item contains the
features ‘mereja’ (‘@vl%’) and ‘faynans’ (‘“4+£57200) belonging to the category ‘Bank and
insurance’ but misclassified to ‘Mines and energy’ category, which has the third highest number
of news items. The other misclassifications are similar to the above experiment except the news
with the word ‘qrs” (‘“PC M) are misclassified to the category ‘Mines and energy’ like the 2500

epoch experiment.

1500 epoch: In the nine categories experiment, the best accuracy, 70.08%, is registered at this
epoch. In this context, the improvement in accuracy is due to the correct classification of all the
news items of ‘Weather forecast’ category. Except this difference, the same thing is resulted in

this experiment like the experiment at 2500 epoch.

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

subclasses in categories as described in three and six categories experiments.



4.9.3 Classification Using TF*IDF Weighting Scheme

After TF weight method is experimented for the three, six and nine categories, the effect of

TE*IDF weight method is seen for same numbers of categories.

Like TF weighting scheme experiments, using the same datasets and categories, experimentation
is held for TF*IDF weighting scheme for three, six and nine categories. Table 4.22 shows

accuracies registered at various levels of epochs experiments.

Epoch 100 500 1000 1500 2000 2500 3000 3500 4000

3 Classes | 69.63% | 62.22% | 65.19% | 69.63% | 65.19% | 65.19% | 65.19% | 69.63% | 62.22%

6 Classes | 57.78% | 70.22% | 78.22% | 57.78% | 57.78% | 58.22% | 72.89% | 57.78% | 57.78%

9 Classes | 62.09% 62.3% | 61.48% | 68.03% | 623% | 62.3% | 062.3% | 5451% | 62.3%

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

of course the wrong category assigned is the same for all the experiments with similar accuracies.

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

experiments as follows.
4.9.3.1 Classification for Three Categories

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

are not classified correctly; and all the news of the category ‘Educational coverage’ are not
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assigned to correct category in 1000, 2000, 2500 and 3000 epochs experiments. Most of the news
items in two categories under each experiment are classified correctly except some, which are

discussed below.,

500 and 4000 epochs: An accuracy of 62.22% is resulted at these experiments. Here a different
result is obtained. All the news items of the category ‘Art’ are misclassified. But it is the category
with the largest number of news items. In addition to “Art’ category news items, there are two
ICT” category news items which are classified wrongly. One contains the word ‘eyer’ (CAPC)
and classified to the category ‘Educational coverage’. As discussed in three categories
experiment using TF weight method, the word is the keyword for the category ‘Weather
forecast’. But the news item is categorized to ‘ICT’ category in the test data due to error. Hence,
the news item is misclassified to ‘Educational coverage’ category with the largest number of
features during testing. The other news item contains the word ‘mrmr’ (*7°C7°C’), which is
keyword for the category ‘Creativity work’. It may be due to this ambiguity that the news item is

misclassified to the category ‘Educational coverage’, which has largest number of features.

1000, 2000, 2500 and 3000 epochs: An accuracy of 65.19% is registered at these experiments.
All the news items of ‘Educational coverage’ category, the second larger in the number of news
items, are misclassified. In these experiments, the news items which contain the word ‘eyer’
(‘APC) and ‘mrmr’ ("I CI° ) are misclassified like experiments in 500 and 4000 epochs. The
only difference here is the category assigned is ‘Art’, which has the largest number of news

items.

100, 1500 and 3500 epochs: 69.63% of accuracy is registered, which is the best result for the

three categories experiment using TF*IDF weight method. In this experiment, all the news items
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which belong to ‘ICT” category are misclassified. This category is with the least number of news
items than other categories. All news items in the categories ‘Art and Educational coverage’ are

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

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

number of subclasses like all the above TF weight method experiments.
4.9.3.2 Classification for Six Categories

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

following.

100, 1500, 2000, 3500 and 4000 epochs: for these epoch levels, least accuracy of 57.78% is
registered. Except news items of ‘ICT’ category, all the news items of categories with the least
number of news items are misclassified. These are Educational coverage, Religious assemblies
and reports, and Creativity work. Additionally, there are two news items from the category ‘ICT’
which are misclassified to “Weather forecast and Art’ categories. The first news item contains the

feature ‘eyer’ (‘AP ("), which is misclassified to ‘Weather forecast’ category. The feature ‘eyer’
(*APC’) is the keyword for the category ‘Weather forecast’, it may be due to this fact that the

misclassification occurs. As described in three categories experiments (500 and 4000 epochs),
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this news item is contained in the test data of *ICT’ category due to error, which is not identified

in misclassification identification of news during initial preprocessing of news items.

The second news item with the word ‘mrmr’ (‘9°C9°C°) is misclassified to ‘Weather forecast’
category in 100 and 1500 epochs experiments and to ‘Art’ category in 2000, 3500 and 4000
epochs experiments. The category ‘Art’, with largest number of news items, is assigned wrongly
three times in 2000, 3500 and 4000 epochs but the category ‘Weather forecast’ assigned wrongly

two times in 100 and 1500 epochs.

500 epoch: An accuracy of 70.22% is resulted for this experiment. All the news items of the
category ‘Art’ (largest number of news items) and ‘Creativity work’ category (least number of
news items), are classified to wrong categories. Additionally, there are two news items which are

misclassified like the above experiments, specifically 100 and 1500 epochs experiments.

2500 epoch: 58.22% of accuracy is recorded at this experiment. The same result is obtained like
the 100, 1500, 2000, 3500 and 4000 epochs experiments except, the misclassified news item in

the category ‘ICT” with the word ‘mrmr’ (‘9°C#"C") is classified correctly.

3000 epoch: 72.89% of accuracy is registered here. All the news items in the category ‘Creativity
work’ with the smallest number of news and ‘Educational coverage’ category with the third
smallest number of news items are misclassified. But all the news items in the category of ‘ICT,

Art, Weather forecast, and Religious assemblies and reports’, are classified correctly.

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

assemblies and reports, and Creativity work’ with the least number of news items are
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misclassified. From the categories ‘ICT, Art, Educational Coverage and Weather forecast’, which
have the largest number of news items, only two news items are misclassified. The two news
items belong to the category ‘ICT’. The first one contains the feature ‘eyer’ (‘AfC’) and the
second contains the feature ‘mrmr’ (‘9°C9°(C) as described in 100, 1500, 2000, 3500 and 4000
epochs experiments. In this experiment, they are misclassified to the categories ‘Weather forecast

and Educational coverage’ (largest number of features) respectively.

The misclassification of all news items due to lack of enough number of subclasses in certain
categories also appear in the six categories experiments using TF*IDF weight method. The
misclassified news items assigned to categories with largest number of news items or features in

most cases like the TF weight method experiments.

4.9.3.3 Classification for Nine Categories

The following parts discuss the results for the nine categories experimentation,

100 epoch: The same accuracy of 62.09% is resulted like the nine categories experiment using
TF weight method at the 100 epoch. The difference here is, the misclassified news (all news)
items are in the categories of ‘ICT, Art, Educational coverage, Religious assemblies and reports,
and Creativity work’. In the TF experiment, all news items of ‘Weather forecast’ category are
misclassified instead of the category ‘Educational coverage’. Only two news items are
misclassified in the categories ‘Bank and insurance, Tourism development, Mines and energy,
and Weather forecast’ which contain the largest number of news items with the exception of

‘Weather forecast” category.
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In both TF and TF*IDF experiments for the nine categories, there are two similar misclassified
news items in the categories ‘Bank and insurance, and Mines and energy’. The first news item is
with the features ‘mereja’ (‘o»4%°) and ‘faynans’ (‘4-£570’) and the second one is with the
features ‘heyl” ("U.&A°), ‘bdr* (“1£:(2°), ‘EIEktrik’ (‘AAN1*6R) and ‘bank’ (‘0FN’). The first
one, in this case, is misclassified to the category ‘Mines and energy’, third largest in the number
of news items; in the TF experiment it is misclassified to ‘Tourism development’ category,
second largest in the number of news items. The second one is classified wrongly to the category
‘Bank and insurance’ like the TF experiment. The possible reason of the two news items
misclassification is discussed at 100 epoch experiment for the nine categories using TF weight

method.

500, 2000, 2500, 3000 and 4000 epochs: as of the nine categories experiment in TF weight
method at 500 and 2000 epochs, the same accuracy of 62.3% is registered at these experiments.
In these experiments, similar result is registered like the above experimentation except the
misclassified news item in the category ‘Bank and insurance’ is correctly classified as mentioned

in the nine categories experiment at 500 and 2000 epochs using TF weight method.

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

epochs experiment for the nine categories experiment using TF weight method.

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

contains. These three news items are the same with 1000 and 3000 epochs experiment for the
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nine categories using TF weight method except, in this case they are misclassified to the category

“Tourism development’, second largest in the number of news items it contains.

3500 epoch: Least accuracy of 54.51% is registered. All the news items of the categories
“Tourism development, ICT, Art, Religious assemblies and reports, and Creativity work’ are
classified incorrectly. With the exception of ‘Tourism development’ category, all the categories
contain less number of news items. From the other categories, ‘Educational coverage, Weather
forecast, Mines and energy, and Bank and insurance’, only two news items are misclassified. One
news item belongs to the category ‘Bank and insurance’ but misclassified to “Weather forecast’
category. The other one is in the ‘“Mines and energy’ category but ‘Bank and insurance’ category
is assigned wrongly. The first news item is with the features ‘mereja’ (‘@»&%°) and ‘faynans’
(‘4-£.5730°); and the second news item contains the features ‘mereja’ (‘endB”), ‘heyl” (ULA"),
‘bdr’ (“N1£C°) and ‘ElEktrik’ (‘hAf11°¢11°). The discussion in 100 epochs nine categories TF

weight method experiment, can be applied here for the two news items.

1500 epoch: Best result with an accuracy of 68.03% is achieved in the nine categories
experiment using TF*IDF weight method. All the news items of the categories ‘Art, Educational
coverage and Creativity work’ are misclassified. And 46 news items are misclassified from the
categories ‘Bank and insurance, Tourism development, Mines and energy, ICT, Weather forecast,
and Religious assemblies and reports’. Observation of the data reveals that the possible reasons

of misclassification are similar to the above experiments.

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

certain categories are misclassified whereas very few or none misclassifications occur in the other
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classes. The all news items misclassification in certain categories resulted due to lack of enough

number of subclasses for those categories as mentioned earlier.

4.9.4 Comparison of TF and TF*IDF Weight Schemes Results

The results of experiments using TF and TF*IDF weight schemes show the reasons of
misclassifications are similar in most cases. It is found that news items which are not classified
correctly in TF weight method also found to be misclassified in the TF*[DF weight method. For
example, in nine categories experiment at 100 epoch, in both TF and TF*IDF weight methods,
two misclassified news are exactly the same. The first news item contains the features ‘mereja’
(‘ovl®’) and ‘faynans’ (‘4 £.6770) and the second news item contains the features ‘heyl”
(VLA’), bdr (“118:C), “ElEktrik’ Ch0h16) and *bank’ (“77°) in both TF and TF*IDF

weight methods,

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

among the correctly classified news items except two news items.

Table 4.23 shows the best accuracy scored in three, six and nine categories experiments and the

average accuracy using the TF and TF*IDF weight methods,
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News No.

Three 406 | 94.81% | 69.63%
Six 678 | 61.61%
Nine 1463 | 70.08%

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

From Table 4.23, it can be observed that in the three categories experiment, TF weight method is
better than TF*IDF weight method by 25.18%. But for the six categories experiment TF*IDF
weight method is better than TF weight method by 16.61% than TF weight method. The result of
nine categories experiment testifies that TF weight method scored better accuracy than TF*IDF
weight method by 2.05%. The average of all the experiments indicates that TF weight method

registered better accuracy by 3.54% than TF*[DF weight method.

The main performance difference between the two weighting schemes happens because of the
range of values in the weighting schemes. In the datasets, TF weight value is between 0 and 5 and
TF*IDF weight value is in the range of 0 and 45. This affects the classifier accuracy. Because,
according to Thulasiraman (2005), it is recommended to have maximum value of | and minimum
value of -1 for the input pattern of LVQ algorithm. This seems plausible for the greater accuracy

result of TF weight method than TF*IDF weight method.

4.9.5 Performance at Increasing Number of Categories and News

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

categories experiment, resulted accuracy lower than the three categories but higher than the six
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categories experiment, Hence, we can say that the increase in the number of categories and news

are not the determinant factor for the decrease of performance with regard to the LVQ algorithm.,

Based on Table 4.23, least accuracy for the TF*IDF weight method is scored in the nine
categories experiment with less (1.6%) difference in the three categories experiment. The best
accuracy for this weighting method is recorded in the six categories experiment. The three
categories experiment resulted in the second best accuracy. Like the TF weight method, it can be
said that the increase in the number of categories and news items are not the major factors in the

reduction of performance using LVQ algorithm for the Ambharic text classifier,

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

categories and features increases.
4.10 Discussion

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

large, about 3258. Hence, dimension reduction using Document Frequency (DF) thresholding is



applied and final tokens which can be used as features arc selected. Using dimension reduction
technique 80 features are identified when the numbers of features are summed:; but that becomes
69 when the features are merged to form matrix, the reduction is due to common features, Here,
the matrix generated is using the features and, TF and TF*IDF value of cach feature that is fed to

LVQ learning algorithm.

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

result of this study testifies that considerable reduction of features can be reached.

After matrix is generated, experiment is carried out using TF and TF*IDF weight method. The
results of the experiments witness that TF weight method is better than TF*IDF weight method
by 3.54% when the average of the three, six and nine categories experiments is taken. As
indicated, LVQ works better in a situation when input patters are normalized between -1 and ]
according to Thulasiraman (2005); which may be the reason why TF outperform than TF*IDE.
The normalized data has to be tried after the raw data is tried, which is the view followed in this
study by considering Russell, Eberhart and Shi (2007) suggestion. The raw data is tried and time

limitation inhibits to try the normalized one.

As indicated in the analysis of all experiments, most of the misclassifications occur in all news
items which belong to a certain calegory. To clarify, an example is taken from the nine categories
experiment using TF*[DF weight method at 100 epoch. All the news items belonging to the
categories ‘ICT, Art, Educational coverage, Religious assemblies and reports, and Creativity
work’, are misclassified. Where as only two news items are misclassified in categories of ‘Bank

and insurance, and Mines and energy’. And all the news items of the categories ‘Tourism
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development and Weather forecast’ are classified correctly. The misclassification of all news
items in certain categories and the correct classification of all or most news items in certain other
categories is the problem of assigning enough number of hidden neurons or subclasses for

categories that their news items are misclassified.

The hidden neurons determine the number of subclasses; subclasses are the classes which
transform input data to target. If each category is not well represented by enough number of
subclasses, its news items are misclassified to a category with the highest number of instances or
with the highest number of featurcs according to this study. The categories those their news items
are not totally classified correctly are, categories that are not well represented by subclasses or
may not have subclass representation at all. Hence, in classification of Amharic news using LVQ
algorithm, not representing each class with enough number of subclasses is the major reason for

misclassification rather than the number of categories and news items.

Self Organizing Map (SOM) learning method may improve the problem of hidden neurons
(subclasses) number according to Khalifa and et. al. (2004).Both SOM and LVQ are first created
by Kohonon, SOM is used in unsupervised manner to determine clusters. Whereas, LVQ works
in a supervised manner; after subclasses are determined, which transform input data to the
defined targets. Hence, the clusters obtained by SOM in unsupervised manner can be used as an
input in creating LVQ network for the determination of the number of hidden neurons

(subclasses).

In this study, it is found that keywords in one category may be found in another category; which
is one of the reasons for misclassifications. For example, the term ‘mrmr’ (‘9°CI°C’) is the

keyword for the category ‘Creativity work’ but is found in the categories ‘ICT and Educational

D7



coverage’. If feature representation is based on phrase or ontology, each category may be
represented and discriminated well than the word level features. Phrases can discriminate
categories than mere words are used. And use of ontology enables to define coneepts and
relations representing knowledge about a particular document in domain specific terms according

to Paralic and Kostial (2004).
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CHAPERT FIVE

CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

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

information overload.

News items are among the information produced and dispatched electronically; growing in size
as time goes on around the globe. Ethiopia is not exceptional; in that, there are lots of electronic
news items created and distributed. As the size of news items increase, utilization is affected
badly unless countermeasure is taken to maximize utilization, Classification is one of the
methods that can be employed to organize information for effective and efficient use. Manual
classification is hardly possible with the incredible increase in the volume of data; as a result,
automatic classification is very important area of research specifically for Amharic since the

language is technologically unfavored. This research work contributes on this regard.

Preprocessing, classifier construction or building and testing are the major steps for the
accomplishment of this study. Preprocessing the data is worked out before the datasets are fed
into the learning algorithm, Learning Vector Quantization. The final goal of preprocessing is to

produce a term by news matrix.
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of each category with enough number of neurons is the major reason for the decrease in
accuracy. On the contrary, previous researches on Amharic text classification, shows that

continuous decrease in performance as the number of news and categories increase.

¢ This study shows that Learning Vector Quantization can be employed to automatic Amharic
text classification but an integration of standard preprocessing techniques is crucial. Besides,
clustering datasets before submitting to classifier helps to define optimum number of

subclasses (hidden neurons) for each category.

* Confusing words that occurs in more than one category affect classification performance

negatively.

e In the course of training using LVQ algorithm, it is found that computational time increases

as the number of news items, features and categories increases.

5.2 Recommendations

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

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

Stemmer: Standard stemmer that can be applied on Amharic is vital to decrease feature size. The
result obtained on this study is encouraging in reducing the size of features by applying stemmer.

If standard stemmer is available, it can play great role in the reduction of features as a result
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Subclass Determination: The determination of subclasses is not done using clustering
algorithms in this study. Hence, clustering algorithms like Self organizing Map (SOM) can be
used to find the number of subclasses (hidden neurons) that can be used as an input in the
parameter setup for creating LVQ network. The use of clustering algorithms enables to use
appropriate number for subclasses so that cach category is represented with enough number of

neurons for better classification.

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

English.

Feature Preparation: The features that can represent categories are selected using words in this
study. But confusion occurred when the words are common across categories that resulted in
misclassifications. Hence, there is a need to undergo research on text classification that considers

features selected based on phrases or using ontology.

Classification Types: The data on ENA SQL server exhibit hierarchical in nature. As far as the
researcher’s knowledge, this problem is not researched for Amharic. So, this is potential area of
research. And some news items in ENA reveal the characteristics of more than one class. But
ENA uses only single-label classification scheme. So, it is recommended for ENA to start
implementation of multi-label classification scheme so that the true characteristics of news items
are exhibited. This also helps researchers to undergo study on multi-label classification of

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

implementation on automatic classification for Amharic news.

Other Domains: As to the knowledge of the researcher, Amharic text classification is still tried
on news items text only. Other arcas, like classifying ‘research papers’, can be researched for

Ambharic documents.
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Appendix 1: Interview with the ICT Coordinator of ENA

How news are created in ENA and distributed for readers?

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

Currently, most organizations are becoming familiar with information technology. What kind

of technology do ENA use for managing news? For what purpose the use is/are?
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Appendix 2: Amharic Characters (‘Fidel’)-d.£&A\ (Zelalem, 2001)

Order Labialized

l\'i | 2m| | 3rc| I 4[h I 51h | ()Iﬁ I 7:h

9 hatxhu ¥ hi ¥ha Yhe vh U ho

A il Al Aala Al Al & lo 2, 1"a
A oha dehu Jdyhi shha duhe nh b ho

a0 i ovmu “4mi Yma “hme °m 9" mo 7 m%a
oS o su LSt Plsa hse Ars Y os0

Lt Sru & o odera e Cr g0 &
1 sd sy (L osio Asa (bse s O so 4, s%a
STk su st Wsa dhose WS So 45"

¢ qi kR qu kg Pqa bge Pq b oqo|hg"i gt Bgta R gl Pug'e

0 bifkbu (Lbi Oba (Lbe - b bo 1 b™a
A Gk bt e bt Tt o Yy
o Ben B & ¥ oea B T & Feo E
% hi “rhu "L hi dha "the 4 h ho |7h* ~h% Ah¥ k% mhve
Y nienu nni Tna wne 7 on 9o S n"a
T o oo Lol ¥na Lae ¥ o0 o an'a

h ahu Ahi Aa he &”h & ho
M wi Mhwy Lwi Pwa Lwe O w P wo
0 a eu % Ga Ge O ¢ Yo
hki kv ki hka ke B k hko |[hk™ k" 0% hk W' e
hi o Cibhi Mha "hhe M h ‘ftho
Wzi Mkzu Izi Wza Ize N 7z Pzo i, 7%
WZi Wzu o Wzl Wia CWZe W7 Mo
Pyi fyun Gyi fya tmye Ly fyo

Tgi bgu Lg Sega Lge g rgo |[ReVi T gta dgle mg'é
edi Mdu M di Sda Lude &d Ado & d%a

Pai Bgu Bg Bz Bge g Ego

M awtu At 9a avte Pt Mo ata

GLCA  sBCu GRLGE MACa ehece e & o apcMa

Asi Aesu Al Asa Ase As o 250 LA

Osi  desu  Lsi Tsa Lse ds fs0
Api fepu A pi Apa Ape Ap Rpo .
i [-w

ot 4 fu &fi wfa dofe ®f 6ifo Lfa

Tpi "Fpu Lpi pa ‘Lpe p 2 po
Ovi kvu (Lvi dva fhve Av ©Wvo
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Appendix 3: Amharic Punctuation Marks (Atelach, 2002)

No. Punctuation mark Symbol Purpose

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

2 Colon Separate words in a sentence: not
common

3 White space Separate words in a sentence:
current practice

4 Question mark ? Placed at the end of questions

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

6 Comma H Used like comma

7 Semi-colon : Used like semi-column

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

9 Quotation marks <« » Used at the beginning and at the
end of quoted word, phrase, etc.

10 | Parenthesis () To enclose elaboration

11 Stroke / Separate date, month, etc.

12 | Mocking mark : Placed at the end of mocking

sentence
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Appendix 4: Amharic Numbers (Zelalem, 2001)
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Appendix 5: Amharic Script Translation to Latin Script for Preprocessing

he
le
He
me
‘se
re
se
xXe
qe
be
ve
te
ce
“he
ne
Ne

ke
we

ze
Ze
ye
de
je
ge
Te
Ce
Pe
Se
"Se
fe
pe
hu
lu
Hu
mu
“su

YT FETIAIEEED

rn,-
uL

RS- TN

ru
su
Xu
qu
bu
vu
tu
cu
‘hu
nu
Nu

ku
Hu
Wwu

Zu
Zu
yu
du
ju

gu
Tu

Pu
Su
“Su
fu
pu
hi
li

mi
'si
ri
si
Xi
qi
bi

Purpose
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Appendix 6: News Items Major and Sub Categories in ENA

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

2|0 Sport NGl No
3|m Health T No
4|1 Education TV No
=N Politics Z 0 1h No
6| 7 National Politics NP 7°ath 5
7| 7-A. International Politics hA9® AP4-P 7' 0-kh 5
8|7 Test RILE L% 4
10 | 0~ Secondary AT RLE 4
15 | Ah Economy h.057 No
Foreign Relation, defense and | Po-8 277 AT
16 | ¢ security ao AN ST U7 No
17 | "0V Social NP No
18| 1 Culture and Tourism QAT L&H9” No
19| v Law and Justice V75 G No
20 [ 18 Science and Technology A0S EnS s No
Environment Preservation and | PANA0. PNPT PAPC
21 | Ah wether condition INEN No
22 | A Accident hL) No
23 | N4 Peace and Stability NAY°G avld D01 5
Democracy and Good LPNne0G vy
24 | 4. Governance AT 8 LC 5
Humaniterian and Democratic | M1ART %9°né-N.°P
25 | AN Rights avo- ()4 5
26 | °C Election o), 5
Discussions, Rules and @ LT @A PTG
27 | o2 Regulations hAPET 5
28 | 77 Political Parties P2t TCEPT 5
29 | 71 Political Appointment P2t oo 5
Agriculture and Rural
30 | 72N Development PINCTT 1mC A"Y 1 15
31 | AL Industrial Development PAISOT G AT 15
32 | ov() Infrastructure Development Pav(dcl AT 15
33|17 Trade 7L 15
34 | AN Investment ATa0A a0y 15
35 | A, Micro Enterprise NLNC A PHHCTEL 15
36 | AC Donation and Development ACAIS Pa“?1 TG 15
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Agreement

37 [ ™10 Mines and Energy MOLYT hCE 15
38 | mY Water Resource Py 701 15
39| 07 Bank and Insurance NrNG KRH0-610 15
AmPag Ph.ng oy,
40 | A0 Overall Economic Growth 0L 15
41 | 4.7 Diplomatic Relation CTNN0ELL VTR 16
42 | @t Military Mission 03 L4LP TAOD 16
eC Lorry
43 | ¢ Nation Stability NINPYy1- 16
o3 LeP NAMTS
44 | wJ- Military Training P04 AT 16
45 | N Terrorism NANCA"% 91 16
Parerr Qoprtag
46 | @ Foreign Conflicts - L0 AT 16
47 | 1bN Citizenship and Immigrants L211s ARG 16
World wide and Continent G APET RUREP
48 | %A Activities NI1Pe P 16
49 | lew Disease Protection ('3 avhahi 3
@ LOS AT AL 1.
50 | 1] TB,HIV Aids H LN 3
51 | &0 Other Diseases NIRRT 3
52 | v Cultural Treatment VAP vhys 3
53 | VA Children and Mothers Health PUIGTG AGPT mG 3
54 | A Health Service PGS AN 3
55 | mIr Health Institutions Construction | g =291+ <30 - 3
56 | m.0 Health Professionals PG QAov- ¢ P 3
57 | avh Medicines and Narcotic Drugs | @ &Y701¢ AL1T 027 3
58 | yaw Health Tools PUNGG avig P 3
59 | avy Kindergarten aPHn V5T 4
60 | A& Elementary W85 LB 190G 4
61 | & Secondary School AT RLE T9CUCHT 4
62 | khn Technical P-ENLG oo @ - 9muCT- 4
63 | il Higher Education he % Tyeuct 4
Tht 225 PCe
64 | I Distance Learning TPUCT 4
65| av g Non Regular Education aw % PN 19°VCT 4
66 | AN Educational Coverage PAgUCT 47 4
67 | 19 Free Education 19 TIPVCT AL A 4
QLT V P T & e PAZE B
68 | v Teachers and Students Affairs | 8.6 4
69 | ol Learning Methods PIPUCT S 4
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&P T

70 | o Learning Tools - CATIVCT avdl PP 4
Educational Institutions eA-euCA R
71 | 192 Construction Q2309 4
72 | Qb1 Women and Education 0 o e A VT B 4
73 | (b7 Women Affair AT 158 17
74 | Vo Youth and Young Affair PUIT T AT RS L 17
75 | Ak Physical Disabilities PROA 14 1FT 17
76 | hWe. Elders "D ET 17
Professional and Social
77 | av-p Associations Pov- G YUAP “TU0eT 17
78 | AL Edroch ALCT 17
79 | D4 Wedding and Divorce 2NFG 17
80 | AD Birth and Death ALTT LG 0491 17
81| NA Humanitarian Donation ANAL KCAR D 17
82 | AN Employer and Employee ANLT Nt s 17
83 | NA Unemployment e Ayt 17
84 | np Sex Discipline NChl P 17
Nations and Nationalities PALC NLLANTS VUOT
85 | -] Culture Qv 18
86 | 1% Bad culture 18 AP LT 18
87 | ¢C Antiques FCOT 18
88 | ‘-1 Tourists TP 18
89 | "kA Tourism Development LU AT 18
Religious and National 176719 3PS NP
90 | 70 Holidays n%a-- 18
91 | .y Art i 18
92 | 6 History J¢n 18
Religious Assemblies and 1LTTIP MNAPTT
93 | Reports av )\ 8 P 18
94 | %1 Justice Affairs PaTU ANLC HET 19
95 | w7 Crime Affairs P TEN FSET 19
96 | V- Constitutional Affairs V10 0P ST 19
97 | oo Corruption av-0G 19
98 | HC Genocide HC 17471 19
99 | A Judiciary Bodies Pe-y Ahat 19
Information and ATECULVNTTS
100 | Ak Communication Technology hovy W7 EnS ag, 20
101 | av] Broadcasting Agencies a 155 AW 20
102 | 9o p Research and Study PLILT P51 20
103 | 4.0 Creativity Work Pédané. NPT 20
104 | ¢+ Weather Forecast PAPC 1710 21
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NG ¢ avep-

105 | NC Desertification avp,au(; 21
106 | £7 Forestry L7 AT 21
107 | 8-C Wild Animals Protection P5C K100 PP 21
108 | A Environmental Pollution fAhN, NhaT 21
109 | Ao Environmental Greenery AN, 651G N 21
110 | A" Athletics Al AN 2
111 | A% Foot Ball A%C 0 2
112 | QOn Traditional Sport awaAe a7 c-1 2
AT HovGP POV G
113 | A Other Modern Sport Types 3L 1T 2
114 | 4.8, Federations and Clubs 4o L &TNTTT HANT 2
115 | Th Natural Disaster P1e.7(C hL) 22
117 | AdA Man-made Disaster A 0N he? 22
118 | haw Disaster Prevention ALY avhAhd 22
121 | an Box hn 2
124 | pH7Y Information THY No
125 | AT Urgent AN e 124
126 | Po%.m Expected PN 124
127 | ool | Regular w5 124

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

Suffices Prefixes
o A
aly aa
g n
7 ne
e AL
iy ALY
hS Af
- 0
AT oL
Age L.
AT ¢
AT
VR
),
DFT -
DT,
PFFm, 790
P
PF Ty
P4
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Appendix 8: Amharic Various Characters with the Same Sound and their
Translation to one Common Form

Characters with the Same Sound Translated to
0, ¥, ch,h "tand D he
), che and & hu
Y., dh, and "1, hi
¥, dv and "1 hE
Y, éhand ‘1 h
P, ¢h and "% ho
woand A se
- and o su
M. and “i, si
‘-l and *f sa
& and "4 sE
0 and #~ s
and ¥ S0
fi and xe
0, and Xi
Y and "% Ne
% and ¥ Ni
h, A, 0and 9 e
A= and 0+ u
h, and 4, i
hand % E
Aand 0 I
Aoand # 0
 and # we
m, and @+ W
M and "W 7e
A and W Zi
£ and f ye
.. and & vy
Eand & Je
B and & ii
1 and ‘1= g0
4h)h and ohy Ce
¢, and °f" Ci
Aand 0 Se
A and B Su
A and 2, Si
Kand 9 Sa
A and % SE
A and 6 S
Zand # So
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