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ABSTRACT

Rapid developments in Information and Communication Technology
are making available huge amount of data and information. Much of
these data is in electronics forms (like the more than billion
documents in the World Wide Web). Usually these data do not have a
standard structure like that of the relational database. Much of the
data are unstructured or semi-structured and can generally be

considered as a text database.

Text databases are showing accelerated growth throughout the
world. As the result, there is an active field of study in text mining to
facilitate the extraction of useful and relevant information from text
databases.

The text data in local languages is also increasing fast, requiring
text-processing tools for text documents to be available in local
languages. This is true for Amharic also, as can be surmised from
the recent boom of online newspapers, magazines, data in electronics
storage, etc.

To facilitate the retrieval of useful and relevant information from
Amharic documents, a number of researches on automatic
processing of Amharic text have recently been conducted. This
research work in Automatic Amharic Text Categorization is an effort
to contribute in this direction.

Automatic classification of text data requires that documents are
represented by feature words. Representing a document by relevant
feature words is an important pre-processing step for automatic
classification; it often determines the efficiency and accuracy of the
classification. Standard pre-processing tools and methods are

therefore very important for automatic classification.




Because of the lack of standard in the Amharic writing system and
unavailability of Amharic text processing tools, the focus of the
research was on developing a document-pre-processing scheme
which facilitates for an efficient automatic classification of Amharic

documents.

To this end much attention was given to the processing of the source
data by developing and enhancing the following tools. The tools are

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

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

variation due to pronunciation differences.

e Enhancement to the suffix and prefix removal tool developed
in a previous study, so that it can perform semantic analysis

before stripping-off affixes from words.

e A tool to correct word variations due to gender marker

suffixes.

e A tool to correct word variations due to number marker

suffixes.

e A tool to merge compound words (when they may result in

semantic loss if separated) written as separate words.

The use of these tools (which enabled 10 to 30 % feature reduction)
in addition to other tools and data reduction methods helped to
analyze the huge source data (69,684 news items after data cleaning)

and measure classifier performances.

Because of the high dimensionality of the source data, classifier
algorithms that are suitable for high-dimensional data, Decision Tree

and Support Vector Machine (SVM) classifiers were selected for the




research experiment. The open source Weka package is used for the
automatic classification of the preprocessed data. Out of the many
classifier algorithms available in Weka, the Logic Model Tree (LMT)
and the Library of SVM (LibSVM) classifiers were used for
performance testing.

Both LMT and LibSVM classifier showed good classification accuracy
correctly classifying 79.72% and 81.15% of the test instance into the
15 news categories, respectively. However, the computational cost of
the automatic classification was very high - taking several hours in
high capacity computers (Computers with 512 MB RAM and 3.7 GHz
speed).

The classification performance measures indicate the need for
additional works in developing tools and methods for mining
Amharic data.




CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND

Technological advances are making available huge amount of digital
data and information. The rapid growth in stored data has generated
a need for new techniques and automated tools that assist in
transforming the vast amounts of data into useful information and

knowledge [1].

Specifically, text databases are growing very fast due to the
increasing amount of information available in electronic forms, such
as electronic publications, e-mail, and the World Wide Web. Text
databases use words to describe objects. The word descriptions are
usually not simple keywords but rather long sentences or
paragraphs such as product specifications, summary reports, notes
and other documents. Text databases may be highly unstructured
(such as some web pages), some text databases may be semi-
structured (such as e-mail messages), while others are relatively well

structured (such as library databases).

Most text data are semi-structured at best, which make the
traditional information retrieval methods inadequate for efficient
information use. Typically, only a small fraction of the many
available documents will be relevant for a given user. Users
therefore need text-mining tools to extract the information they need

from such documents [1].




Researchers are looking for better and better ways of using the fast
growing huge amount of text data. Text mining is an active research
area and people are looking for tools and techniques to automatically

analyze, categorize, summarize, and discover trends in text data [1].

Text mining enables to extract useful or interesting patterns from a
large set of documents. There are a number of important tasks in
text mining such as clustering, categorization, and summarization
[2]. This research focuses on text categorization, which deals with
the problem of assigning predefined labels or categories to a text

document.

Text categorization is a process involving the assignment of
predefined categories to free (unlabeled) text data. With the rapid
growth of online data and information, text categorization has
become one of the key techniques for processing and organizing text
documents. Text categorization techniques are used to classify new
stories, to find interesting information on the World Wide Web and to
guide a wuser's search through hypertext. Automatic text
classification is a supervised learning problem involving inducing

knowledge to classifiers from examples [3].

A growing number of classifiers have been applied for automatic

classification of text documents including:

e Support Vector Machine (SVM): a universal learner, which
can be used to classify both linear and nonlinear data. It
transforms the original data in a higher dimension, from where
it can find a hyperplane for separation of the data using

essential training instances called support vectors.




e Decision tree (DTree): used to select informative words based
on an information gain criterion, and predict categories of each
document according to the occurrence of the word combination

in the document.

e Neural network (NNet): uses a perception approach (a
separate neural network per category to learn a non-linear
mapping from input words) or a three-layered neural network
approach (a network containing two hidden layers between the

input and output layers).

e Naive Bayes: uses joint probabilities of words and categories

to estimate the probabilities of categories given a document [1].

Classifiers in general and specially those used for the experiment in
this research will be discussed in detail in the next chapter where

tools and techniques of classification are detailed.

Text data classification! is a two-step process. The first step is a
learning step where a model is constructed (a classifier is built) by
analyzing a training dataset. Each document in the training dataset
is randomly sclected from the collection and has a class label

indicating to which category it belongs.

In the second step the model is used for classification. First the
prediction accuracy of the model (or classifier) is estimated by
selecting a test set of class-labeled samples that are independent
from the training dataset. If the training set is used to measure the
accuracy of the classifier, the estimate would likely be optimistic,
because the classifier tends to overfit the data (i.e., during learning,

it may incorporate some particular anomalies of the training data

! Categorization and classification are used interchangeably in this thesis.
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that are not present in the general dataset overall). If the estimation
accuracy of the classifier is considered acceptable, the classifier can
be used to classify future text documents for which the class label is

not known [1].

The first step of classification involves telling to the model the class
of each document in the training set and is therefore known as
supervised learning. Supervised learning is the main factor
differentiating classification from clustering. Clustering is
unsupervised learning where the class label of each training sample
is not known and the number or set of classes to be learned may not

be known in advance [1].

The construction and use of a model to assess the class of an
unlabeled sample or to assess the value or value range of an
attribute that a given sample is likely to have is generally known as
prediction. The use of prediction to predict class labels can be
defined as classification. Some of the applications of classification
and prediction include credit approval, medical diagnosis, and

selective marketing.

1.2 STATEMENT OF THE PROBLEM

Rapid developments in information and communication technology
(ICT) are impacting the way people create, process, store, access and
transfer data and information. The worldwide growth in ICT is
having a major effect in the information access and usage habit of
people in developing countries. Internet usage, for example, has
reached 1,076,203,987 as of December 2006 showing 198.1%
worldwide growth in a year, with the highest growth of 625.8% for
Africa [4].




The recent growth of ICT infrastructure in Ethiopia is resulting in an
exponential increase of digital information being produced [S]. The
continual increase of locally available data will increase the demand

for tools that simplify the extraction of relevant information.

Developments and application of text processing tools and methods
have so far been focused on English and to some extent on European
and East Asian languages [5]. Much work has to be done to develop
processing techniques and tools for the languages of developing

countries like Amharic.

Amharic is one of the major African languages. It is the working
language of the Federal Government of Ethiopia and widely spoken
throughout the country. Amharic is an Afro-Asiatic language
belonging to the Southwest Semitic group with its own unique
alphabet [6]. Huge and increasing volumes of electronic data are
available in Amharic, which is observed on the growing online

newspapers, websites, and digital storages in the language.

It may not be long before users are faced with large volumes of
Ambharic text in the web and other media. In such scenarios, users
will find it very difficult and frustrating to make efficient use of
Ambharic data unless they are aided by data processing tools for
activities like searching, categorization and summarization of these

documents.

The task of developing tools for easy retrieval of relevant information
is specially challenging for Amharic because there are only few recent
and un-coordinated efforts of automation and language processing
works at hand: Ambharic Text Classification [7, 8], Information

Retrieval [9, 10, 11|, Amharic Word Parser [12], Amharic Stemmer




(Quoting [12]), and others. Some of these research works will be
discussed in later chapters where the Amharic writing system is

discussed.

This research focuses on the problem of automatic categorization of
Amharic texts. Since automatic text classification involves
preparation of the source data before feeding it to a classifier, the

work on automatic Amharic text classification involves:

i. Developing tools or using existing tools for

e cleaning the source data and selecting text representative

words (attributes)

e attribute relevance analysis - to identify important

attributes of documents for the classification task

e data transformation such as weighting — to be applied to the
level required by the classification task and the size of the

preprocessed dataset

ii. Developing a prototype or applying off-the-shelf tools for

automatic classification of the preprocessed Amharic text

This thesis work therefore focuses on the above two steps of
classification and is an effort to contribute to the development of
processing tools for Amharic text and finding an optimal Amharic

text classifier.




1.3

OBJECTIVES OF THE STUDY

1.3.1 General Objective

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

tools for Amharic text classification and evaluate the performance of

selected classifiers for Amharic text classification tasks.

1.3.2 Specific Objectives

To realize the aforementioned general objective, the study aims to

carryout the following tasks.

Review literature on the techniques of automatic classification

of text data

Study the Ambharic writing system and its computer

representations
Study existing tools for Amharic data processing

Develop and adopt tools of processing Amharic documents for

classification purpose
Apply selected classifiers on a processed Amharic corpus
Evaluate the performance of the applied classifiers

Compare the performances of the applied classifiers

10



1.4 METHODOLOGY

The following methods were employed to achieve the above stated

objectives.

1.4.1 Literature Review

Extensive study of available literature has been carried out on

e The methods of effective information access techniques in

general and automatic document classification in particular
e Classifier algorithms and their application for classification

e The basic features of the Amharic script and the existing

computer representation of Amharic characters

e Developed tools and techniques for Amharic data and
information processing in general and Amharic document

classification in particular.

1.4.2 Data Processing

The data source for the study is a nearly seven year’s collection of
Ambharic news articles from the Ethiopian News Agency (ENA), which
has more than 100,000 news items written using the Amharic

Software Visual Geez Version 2.0 (VG2).

The ENA news items were stored in SQL Server. The source data
were then cleaned using manual inspection and automatic methods.
Automated data cleaning and other pre-processing tasks were

carried out using the Visual Basic Programming language.

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

document is fully represented by the words in it. Furthermore, it is

11



assumed that the order of the words does not matter (document

representation will be discussed in detail in Chapter 2).

The data pre-processing carried out in this research involved

developing and adopting tools for

e Data cleaning which involves removal of repeated news
items, manual classification of unclassified news items,

rcmoval of entry errors, etc.
e Identifying and removing stop words and word affixes

e Correcting for commonly missing letters in VG2 which

sometimes occur during data conversion

e Normalizing the different letters of the Amharic script that

have the same sound

e Correcting major spelling variations in words focusing in

transliteration problems

e Analyzing compound words to correct for inconsistent
usage of the compound words (the use of compound words
sometimes as a single-word and sometimes as two or more
words) as well as to give consideration for the semantics of

the compound words
e Selection of relevant attributes (features) of documents

Moreover the processed Amharic documents were collected in their
pre-defined categories and the whole data changed to Arff (attribute
reference file format) file format, which is suitable for the Weka
open source application package used for the automatic

classification.




1.4.3Experiment

Automatic classification involves identification of keywords called
feature words or attributes for representing documents. Huge text
datasets can have millions of words representing the document
collection in the dataset. However, not all words in the dataset are
useful for automatic classification. Classification systems use stop
list to avoid stop words from document attributes. Stop words - like
a, the, of, and for - are considered irrelevant for classification [1].
Moreover, some attributes may be irrelevant for a given classification
task. For example, if the task is to classify news items to the major
news categories, attributes such as the news creation date are likely

to be irrelevant.

Automatic classifications often employ different methods of attribute
selection. Observation of the preprocessed data for this research
indicates that content-bearing words usually occur more than once
in a document. Moreover, it is observed that words that are found in
only one document in a category are usually non content-bearing
words or anomalies created due to entry errors. In this research a
word is selected as a document representative if it is not in the stop
list, if it occurs more than once in a given document, and if it
appears in more than one document in a category. All words of every
category satisfying the above criteria are collected in the experiment

dataset.

After pre-processing, the experimental dataset is rearranged to the
format suitable for the Weka package that is used for the automatic
classification. Weka requires the input data to be rearranged in an

attribute weight matrix before it is converted to Arff file format.

13



The preprocessed dataset is rearranged in an attribute weight matrix

by

considering the whole dataset as a relation with word attributes

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

the relation

taking each document as a separate record or instance (row) of

the relation

using the weight of attributes in a document as the value of the

fields for the instance the document represents

considering class labels as nominal attributes in the dataset

After the arrangement, the experimental dataset is converted to Arff

file format, which is suitable for applying classifier algorithms

provided by Weka.

The

Weka package provides several classifiers for automatic

classification of the preprocessed dataset. The package also has a

tool for comparing the performances of the different classifiers used

in the classification.

1.5

EXPECTED CONTRIBUTION

This study is expected to provide

new tools for processing Amharic text data

enhancement to some of the existing Amharic text processing

tools

empirical evidence of the effectiveness of selected classifier

algorithms for automatic classification of Amharic documents

14



Although it is conducted on Amharic text corpus, the results of this
study could easily be applied for any document collection in local
languages that use the Ethiopic script (Like Gurage, Harari, Tigrie,
and Tigrniya)

Generally apart from being an academic exercise to identify efficient
classifier algorithm for Amharic text corpus, the study is expected to
contribute to the active research area in the development of
applications that manipulate documents written in the Ethiopic

script.

1.6 ORGANIZATION OF THE THESIS

The thesis is organized in five chapters. The first chapter gives the
overview of the research, with the research problem statement,

objectives and methodology.

In chapter two detail descriptions of major tools and techniques for

automatic text categorization is given.

Chapter three discusses the Amharic writing system with emphasis
on the representation and processing of Amharic texts in electronic

format.

Chapter four presents the processing tools used and the experiment

carried out for classification of Amharic news documents.

Finally the research findings and recommendations are presented in

chapter five.

15



CHAPTER TWO

TEXT CLASSIFICAION

2.1 INTRODUCTION

Human capabilities of both generating and collecting data have been
increasing rapidly. Factors that contribute to the accelerated growth
include the computerization of businesses, scientific and government
transactions as well as advances in data collection tools ranging from
scanned text and image platforms to satellite remote sensing
systems. In addition, popular use of the World Wide Web as a global
information system has made access to huge amount of data and

information possible [1].

The rapid growth in stored and transient data led to a great deal of
interest in developing useful and efficient tools and software to assist
users in finding relevant information. Text classification, which is a
powerful technique for automating assignment of documents to
categories, has been proved to be useful in helping organize and

search text information on text data sources [13].

2.2 TEXT CLASSIFICATION METHODS

Depending on the context of their application different approaches to
text classification - ranging from manual category assignments to
rule-based approaches, and to automatic classification - are

employed.
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Manual classification involves the use of trained professionals for
classification. The method is usually used in category structures
that are very general, consistent across individuals, and relatively
static. Examples of such classification approaches include Dewey
Decimal or Library of Congress Classification systems, Medical
Subject Headings (MeSH), or Yahoo's topic hierarchy [13]. Manual
classification has limited applicability because it is very time-

consuming and costly.

Rule-based approaches (expert systems), similar to CONSTRUE
developed by the Carnegie Group, use manually developed domain
specific or application specific rules. They make binary decisions
about category membership and are typically difficult to modify [13].
Moreover such procedures are prone to biases and errors, and are

extremely time-consuming and costly [1].

Automatic classification is another approach, which uses inductive
learning (machine learning) techniques to automatically construct
classifiers using labeled training data. The first step in automatic
text classification is identification of the attributes of a document,
i.e., selection of words (features) of a document that can adequately

represent the document [13].

Text classification poses many challenges for indicative learning
methods since there can be millions of word features. The resulting

classifiers, however, have many advantages because:
e they are easy to construct and update

e they depend only on information that is easy for people to
provide, information like examples of items that are in or out of

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

individuals

e they allow users to smoothly trade-off precision and recall

depending on their task [13]

Because of their ease of use and impressive results a growing
number of statistical classification and machine learning techniques
have been applied to text categorization including Support Vector
Machines (SVM) [3], Decision tree [14, 15], Neural Network [16, 17],
and Naive Bayes [14, 15].

The text categorization approach used in this thesis is automatic
classification supported by limited Natural Language Processing
(NLP) techniques. Automatic text classification is therefore discussed

in detail in the remaining sections of this chapter.

2.3 USES OF AUTOMATIC CLASSIFICATION

Many information organization and management tasks make use of
text categorization which is the assignment of natural language texts

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

Text categorization has widely been used for automatically assigning

subject categories to documents to support

e text routing: for instance organizing documents by automatic
filing of news stories under the sections of Sport, Health,

Politics, etc.

e text filtering: like automatically blocking news stories that
are not appropriate for children or classifying documents as

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

tasks that are more dynamic and personal like

e real-time sorting of e-mails, i.e., using an e-mail filter to
discard junk mail and further classify the useful mail into
folder hierarchies corresponding to categories that are relevant

to the user

e topic identification to support topic specific processing
operations: Like using text categorization to automatically

classify web pages under popular hierarchical catalogues.

2.4 STEPS IN AUTOMATIC CLASSIFICATION

Automatic text classification 1s a two-step Pprocess involving
preparing the text data for classification (pre-processing) and feeding

the processed data to a classifier.

2.4.1Preparing the Data for Classification

Preprocessing is important to improve the accuracy, efficiency, and
scalability of the classification process. It is the first step in the
preparation of documents to present them in a format suitable for

classification.

In general the following three pre-processing steps are applied: Data
cleaning?, relevance analysis, and data transformation and

reduction [1]. Details of each step are given in the following sections.

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

Real world data are usually incomplete, noisy and inconsistent.
Data cleaning is an attempt to fill the missing values, smooth out

noise and correct inconsistencies [1].

In the context of text classification, missing values of major
significance are missing class labels. If the class label of a document
(in the training set) is missing the whole document has to be
scanned and the appropriate class value assigned manually. In this
thesis the source data is scanned for news items with missing
category labels and when such news items are found, the missing

class labels are manually assigned (whenever it is applicable).

When manual assignment is not feasible (especially for attributes
other than the class value) a popular data cleaning strategy dealing
with missing values is using the most probable value to fill in the
missing value. The most probable value of an attribute may be
predicted from the other non-missing attribute values with inference-

based tools using a Bayesian formalism, or decision tree induction
[1].

Noise is a random error or variance in a measured value. For text
classification errors in assigning class labels (misclassification) need
to be identified (for example, by inspection of misclassified
documents during experimentation) and corrected before training a

classifier for deployment [1].

2.4.1.2 Relevance Analysis

Many of the attributes of text data may be redundant. There may also
be irrelevant attributes. Relevance analysis helps to reduce these

redundant and irrelevant attributes from the dataset.
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a)

Document Representation

For the purpose of automatic classification, a document can be
considered as a collection of key words. The key words are often
called features or attributes of the document. Not all words in a

document are considered as features.

The desire to have algorithms that can improve classification
efficiency while maintaining accuracy is driving the attention for
dimension (feature) reduction techniques. Dimension reduction
techniques can generally be classified into feature extraction

and feature selection approaches.

The traditional feature extraction algorithms reduce the
dimension of data by linear algebra transformation (such as
Principal Component Analysis (PCA)). On the other hand,
feature selection algorithms reduce the dimension of data by
select features from the original words of a document. Though
the feature extraction algorithms have proved to be very effective
for dimension reduction, the high dimension of datasets in the
text documents often fails many feature extraction algorithms
due to their high computational cost. Thus feature selection
algorithms are more popular for real life text data dimension

reduction problems [18].

During pre-processing one has to select a subset of the words in
a document that can adequately represent the whole document.
Feature selection is often employed for finding representative

subset words for a document.

Feature selection often involves using a stop list to avoid words

that are useless for classification (stop words). Feature
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b)

selection may also involve stemming, i.e., grouping words that

share the same word stem [1].

Feature Selection

In general correlation analysis can be used to identify whether
any two attributes are statistically related so as to remove one of

the two if they are related [1].

Specifically for text classification the text document is analyzed
to find efficient representative features for subsequent
processing. Redundant attributes can be identified and removed
as a result of document analysis. Since word features are used
to represent documents, variations in word forms are the major

sources of redundancy.

Stemming: Natural language texts are characterized by
variations in word forms. The most common ways of creating
word variant are suffixing and prefixing. In general, word
variants may be caused by factors including grammar
requirements, national or local wusage, transliteration,
abbreviation, and spelling errors. Stemming might be used to
normalize word variants by removing affixes through

identification of word-stems from full words [19].

In this thesis, tools for removal of common prefixes and suffixes,
tools for correction variations due to transliteration, tools for
correcting common spelling variation, and tools for normalizing
different forms of words are adapted and developed - since there

is no available Amharic stemmer.

Stop Word Removal: In case of irrelevant attributes in the

dataset, attribute subset selection can be used to find a reduced
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set of attributes while keeping the original data class

distribution as much as possible [1].

After a document is processed and its features identified,
different techniques are used to select the features that
adequately represent the document for the purpose of text

classification.

Removal of stop words is one method of feature selection. Stop
words are sometimes defined as function words. Function words
have important role in grammar but carry little meaning, and
therefore do not contribute much to categorization [20]. In
addition of the function words like “a”, “the”, “of”, “and”, “is”, and
“not”, domain specific (news specific) stop words are removed

from the dataset in this research.

Document Modeling

Different ways can be used to model a document in order to
facilitate categorization. Considering the most popular approach
— the vector space model - a set of d documents and a set of ¢
terms3, one can model each document as a vector v in ¢
dimensional space R', which is why this model is called the

vector-space model.

Let the term frequency be the number of occurrences of term t

in the documentd , which is freq(d,).

The (weighted) term-frequency matrix 7F(d,r) measures the

association of a term ¢ with respect to the given document d. It

is generally defined as 0 if the document does not contain the

¥ terms, features, key words are used interchangeably
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term, nonzero otherwise. There are many ways to define the
term-weighting for nonzero entries in such a vector. For example
the Cornell SMART system uses the following formula to

compute the normalized term frequency [1].

TF(d.1) = {(} if freq(d,t)=0 .. (2.1)

I+ log(l + log( freq(d,t))) otherwise

Thus relevance analysis can be used to detect attributes that do not
contribute to the classification rather than slowing and possibly

misleading the learning step.

2.4.1.3 Data Transformation and Reduction

The text data may be transformed by normalization, which involves
scaling all values for a given attribute so that they fall within a small

specified range such as O to 1.

In the vector-space model, in addition to the frequency measure, the
importance of a term ¢ is measured by a scaling factor called inverse
document frequency (IDF). If a term ¢ occurs in many documents,
its importance will be scaled down due to its reduced discriminative

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

the following relation [1]

1+‘d|

IDF (1) =log
(1)=log M|

.. (2.2)

where ¢ is the document collection (No, of documents in
the collection), and

d,is the set of documents containing term t




In a complete vector-space model, 7Fand IDF are combined together,

forming the 7F - IDF measure

TF — IDF(d,t) =TF(d,t)x IDF(t) e (2.3)

TF - IDF is used to calculate the normalized value of terms (features)

of a document in a vector-space model.

2.4.2 Document Classification

Classification is a data analysis task where a model of classifier is
built to predict categorical labels such as “Health” or “Education” or
“Sport” for news documents. As described in Chapter 1, document

classification involves two steps - learning and prediction.

2.4.2.1 The Training Process
In the learning step (training phase) a classifier is built describing a
predetermined set of data classes or concepts. Here a classifier

algorithm builds the classifier by learning from a training set made

up of instances (documents) and their associated class labels.

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

feature vector X =(y,x,,..,x,), depicting n measurements made on an

instance from » attributes, respectively, 4,,4,,..,4,[1].

Each instance, X, is assumed to belong to a predefined class as
determined by another dataset attribute called the class label
attribute. The class label attribute is discrete-valued and unordered.
It is categorical because each value serves as a category or class. The
training set is sclected from the dataset under analysis and is made

up of individual training instances.




2.4.2.2 The Prediction Process

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

function y=f(x), that can predict the associated class label yof a

given instance X .

In order to avoid overfitting (i.e. to avoid incorporating particular
characteristics of the training data that do not represent the whole
dataset) a test set is used for the prediction. The test set is made up
of test instances that are randomly selected from the general dataset

which does not include the training set.

The accuracy of a classifier on a given test set is the percentage of
test set instances that are correctly classified by the classifier. The
accuracy is calculated by comparing the associated class label of
each test instance with the learned classifier’s class prediction for

that instance.

2.5 CLASSIFIER ALGORITHMS
2.5.1 Introduction to Classification Modeling

In general, predictive modeling is used to predict the unknown value
of a variable of interest given known values of other variables.
Examples include providing a diagnosis for a medical patient on the
basis of a set of test results, estimating the probability that
customers will buy product A given a list of other products they have
purchased, or predicting the class label of a new news item from the

set of feature words making the news[1].

In classification the goal is to learn a mapping from a vector of
measurements X to a categorical variable (class label) Y. The

variable to be predicted is called class variable and it takes the




values in the set{y.y,...y,|. The observed or measured variables
{x,%,,..x,} are referred as features or attributes. Therefore X is
referred as an n-dimensional vector (i.e. taken to be comprised of

nvariables), where each component can be real-valued, ordinal,

categorical, and so forth [21].

In general, for classification the training data consists of pairs of
measurements, each consisting of a vector x(i) with corresponding
class values y(i), 1<i<n. Thus the goal of classification is to estimate
(from the training data) a mapping or a functiony= f(x,#) that can
predict a value y, given an input vector of measured values X and a

set of estimated parameters ¢ for the model f.
where / is the functional form of the model structure

0, are the unknown parameters within fwhose values

have to be determined by minimizing a suitable score
function on the data, and the process of searching for
the best 0 values is the basics for the classifier

algorithm [21].

2.5.1.1 Framework of Classification Modeling

Classification problems can be generalized into two different but
related views that help explain the logic in the building of the
different classifier models: Decision boundary (discriminative)
viewpoint and probabilistic viewpoint [21].

Discriminative Classification and Decision boundaries: In this
framework a classification model f(x,#) takes as input the
measurements in the vector X and produces as an output a class

label from the set {y,,y,....7. [21].
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For example, consider the nature of the mapping function for a
simple problem with just two real-valued input variables x, andx,.
The mapping produces a piecewise constant surface over the (x,x,)
plane in regions where the plane takes class values like, y,. The
union of all such regions where y, is predicted is the decision region

for class y,.

Knowing where the decision regions are located in the (x,x,) plane is

equivalent to knowing where the decision boundaries are between

regions. Thus the problem of learning a classification function f
can be thought of as being equivalent to as learning the decision

boundaries between the classes.

Probabilistic Models for Classification: In this framework it is
assumed that objects belonging to class ¥ have measurement vectors
distributed according to some distribution or density function

P(xly,,6,), where the 6, are unknown parameters governing the
characteristics of class y, [21].

For example, consider the two classes, males and females. Let
P(y,), k=1,2 represent the probability that at conception a person

receives the appropriate chromosomes to develop as male or female.

The p(y,) are thus the class prior probabilities predicting the
probabilities that individual ibelongs to classy,, if there is no other
information, i.e., the P(y,) represent the probabilities of class

membership before observing the vector X .

Once the P(x]y,.0,) distribution has been estimated (from the test

set), Bayes’ theorem can be applied to yield the posterior probabilities
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P ( '\‘t.l"k s 0 ) ! )( _1"1 )

P(yx)=— .e(2.4)

Z p(,\‘]_l-},U; ) P(y)
=1

where 1<k<m

The posterior probabilities p(y,/x.0,) implicitly carve up the input

space X into m decision regions with corresponding decision
boundaries. For example, for two classes (m=2)the decision
boundaries will be located along the contours where

P |x.60) = p(y,)x,0).

2.5.1.2 Approaches to Building Classifiers

Three fundamental approaches can be considered for building real

classifiers.

a) The discriminative approach: In this approach the attempt is
to model the decision boundary directly, i.e., a direct mapping
from input X to one of m class labels y,y;.¥y- Unlike
probabilistic approaches, here no direct attempt is made to
model either the class conditional or posterior class
probabilities.

Examples of this approach include neural network, support
vector machines, and decision trees when the tree provides only

the predicted class at each leaf.

b) The regression approach: Here the posterior class probabilities

p(yJx) are modeled explicitly, and for prediction the maximum of
these probabilities is chosen.

Examples of the regression approach include nearest neighbor

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

c) The class-conditional approach: The approach explicitly

models the class-conditional distribution p(x|y,,6,) and inverts
them along with estimates of p(y,) via Bayes’ rule (Equation 2.4)

to arrive at p(y,|v)for each classy,.

Examples of the class-conditional approach include the

Bayesian classifiers like the naive Bayes classifier. [21]

Looking at classification problems from these three approaches it
can be noted that both the discriminative and regression approaches
focus on the differences between the classes, whereas the class-
conditional approach focuses on the distribution of the inputs X for

the classes.

All the methods are, however, related. Both class-conditional and
regression models ultimately produce posterior class probabilities.
However, the class-conditional method uses Bayes’ rule to calculate
the posterior class probabilities, whereas the regression approach is
not constrained to do so. Similarly, both the regression and class-
conditional methods contain decision boundaries to map inputs X to
one of m classes. But unlike the discriminative classifiers, the
regression and class-conditional classifiers have to map inputs to

classes within the constraints of probabilistic framework [21].

2.5.2 Choosing Classifier Algorithms

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

the discussion of section 2.5.1.
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The choice of a classifier type depends on the nature of the problem.
For applications like medical diagnosis it might be important that a
classifier produces posterior class probabilities rather than just class
labels. However, for datasets with high dimensions, the
discriminative classifier may work better, since it may be very costly

to accurately estimate functions p(xy,,6,)for high dimensional data.

In general classifiers that use class-conditional methods require
fitting most parameters (leading to complex modeling), those that use
the regression methods require fewer fitting while those using the

discriminative approach fewest of all [21].

Since the experimental dataset of this research has many features
(more than 3,000 unique attributes) a classifier that uses the
discriminative approach (support vector) and a classifier that uses
the regression approach (decision tree) are used for the automatic

classification of Amharic news items.

2.5.3Classifier Selection Criteria

Two major factors that affect an algorithm's performance in a
classification task are: the algorithm's inference model and the data
processing choices. Successful classification therefore relies on the

right model and the right features [20].

The following criteria from [1] maybe used in selecting a model for

classification.

e Accuracy: The accuracy of a classifier refers to the ability of
a given classifier to correctly predict the class label of new or

previously unseen data.
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e Speed: Refers to the computational cost involved in

generating and using the given classifier.

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

predictions given noisy data or data with missing values.

e Scalability: Refers to the ability to construct the classifier

efficiently given large amounts of data.

e Interpretability: Refers to the level of understanding and insight

that is provided by the classifier.

2.5.4Classifiers in Practice

This section presents a detailed discussion of two classifiers used in
the research experiment. One classifier that uses the discriminative
approach — namely support vector machines, and a classifier that

uses the regression approach - decision tree induction.

The classification methods discussed in this scction are analyzed
according to the above five criteria and are based on the discussion

in [1].

2.5.4.1 Support Vector Machines

Support vector machine (SVM) is a method which can be used for
classification of both linear and non linear data. SVM uses a
nonlinear mapping to transform the original training data into a
higher dimension. Within this new dimension, it searches for the
linear optimal separating hyperplane (a decision boundary
separating the instances of one class from another). Data from two
classes can always be separated by a hyperplane, with an

appropriate nonlinear mapping to a sufficiently high dimension. The




SVM finds this hyperplane using essential instances from the

training set called support vectors [1].

Vladimir Vapnik and colleagues presented the first paper on support
vector machines in 1992 as referenced by [1]. Although the training
time for SVMs can be slow, they are highly accurate, owing to their
ability to model complex nonlinear decision boundaries. Their use of
support vectors for identifying decision boundaries makes them
much less prone to overfitting than the other methods. Moreover,
since they usually are subsets of the training instances the support

vectors provide a compact description of the learned model.

SVMs can be used for prediction as well as classification. They have
been applied for handwritten digit recognition, object recognition,

speaker identification and more other areas [1].

The following two classification problems provide insight on how
SVM works: the case when the data are linearly separable and the

case when the data are linearly inseparable.
The case when the data are linearly separable

Considering the simplest case of a two-class problem where the classes are

linearly separable,
Let the dataset D be given as (x,,»),(x,, 7, ),...,(x|d|,y|di)
where x; is the set of training instances with associated class labels,
Yi -
Each y, can take one of two values either +1 or -1, corresponding to
the two classes: class-1 and class-2 respectively.

ie. y e+ -1}
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Consider an example based on two input attributes 4 and 4, as

shown in Figure 2.1
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Figure 2.1 Linearly separable data with an infinite number of
possible separating hyperplanes

From the figure it can be seen that the 2-D data are linearly
separable because a straight line can be drawn to separate all
instances of class-1 from all instances of class-2. There are an
infinite number of separating lines that could be drawn. The problem
is to find the best line that will have the minimum classification error
on previously unseen instances. Note that for data with three
attributes (3-D data) the problem would be finding the best
separating plane. Therefore, in general for n-dimensions the problem
would be to find the best hyperplane.

An SVM approaches this problem by searching for the maximum

marginal hyperplane.
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Consider Figure 2.2, which shows two possible separating

hyperplanes and their associated margins.
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Figure 2.2 Two possible hyper planes and their associated margins

Looking at Figure 2.2 reveals that both hyperplanes can correctly
classify all the given data instances. The hyperplane with the large
margin is however expected to be more accurate at classifying future

data instances than the hyperplane with the smaller margin. This is
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why, during the learning phase, the SVM searches for a hyperplane

with the largest margin - the maximum marginal hyperplane (MMH).

A separating hyperplane can be written as

WX+b=0 ...{2.D)
Where is a weight vector, namely, W = {w,, W, ..o w, | Where n is

the number of attributes, and
b is a scalar referred as a bias

Consider two input attributes, 4 andA,, as in Figure 2.2(b). The
training instances are 2-D, like X =(x,x,), where xandx, are the

values of attributes 4, and A, , respectively, for X.
Taking b as an additional weight,w,, the separating hyperplane in
Equation (2.5) can be rewritten as

W, +wx, +wyy, =0 vesl2-0)
Any point that lies above the separating hyperplane thus satisfies the
equation

W+ WX, + WX, >0 s 2e7)

Similarly any point that lies below the separating hyperplane

satisfies

W wx, + wex, <0 -l 2:8)

The weights can be adjusted so that the hyperplanes defining the two

sides of the margin can be written as
H, =w, +wx, +wx, 21 fory,= +1 e )

H, =w, +wx, + WX, < -1 fory;=-1 s (2:10)
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This means any instance that falls on or above H, belongs to class-1

and any instance that falls on or below H, belongs to class-2
Combining Equation (2.9) and Equation (2.10) one can write
Yilw, + wx, + wyx,) 21, Y, (B dE)

Any training instances that fall on hyperplanes #, orH, satisfy
equation (2.11) and are called support vectors. They are equally

close to the separating MMH [1].

Using a Lagrangian formulation and solving for the solution using
Karush-Kuhn-Tucker (KKT) condition, Equation (2.11) can be

rewritten as a constrained convex quadratic optimization problem.

Solving the constrained convex quadratic problem is required to find
the support vectors and MMH and thus train the support vector
machine. Such trained SVM, are called linear SVMs, since the MMH

is a linear class.

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

Lagrangian formulation

i

d(x") =) yaxx"+bo sl el 2)

4 b bl
f=l

Where y, is the class label of support vector x,

x' is test instance

b, are numeric parameters determined automatically by

the SVM algorithm
a, are Lagrangian multipliers and

¢ is the number of support vectors.
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Using the test instances x’ in equation (2.12) is how classification is
done by SVMs. If the sign of the result is positive, then x’ falls on or
above the MMH, and SVM predicts that x" belongs to class-1. If the
sign is negative, then x' falls on or below the MMH and the

prediction is for class-2 [1].

The compact prediction model of SVM comes from the fact that the
learned classifier is characterized by the number of support vectors
rather than the dimensionality of the data. Hence SVMs tend to be
less prone to overfitting than some other methods. An SVM with a
small number of support vectors can have good generalization, even

for a high dimensional data.
The case when the data are linearly inseparable

When the data classes are not linearly separable the approach used
for linear SVM can be extended to create nonlinear SVMs for the
classification of lincarly inseparable data. Such SVMs are capable of
finding nonlinear decision boundaries (i.e. non linear hypersurfaces)
in input space.

Nonlinear SVM extends the approach for linear SVM using two main
steps

a) Transforming the original input data into higher dimensional

space using a nonlinear mapping and then

b) Searching for a linear separating hyperplane in the new space.

Thus getting a quadratic optimization problem that can be

solved using the linear SVM formulation

The maximal marginal hyperplane found in the new space
corresponds to a nonlinear separating hypersurface in the original

space.
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Considering the following example of transformation of an input data

into a higher dimensional space, a 3-D input vector X =(x,x,,x;) is
mapped to a 6-D space Z, using mappings
O (X)=x, O;(X)=x, O;X)=%, O(X)=(x);
D (X)=xx,, ©(X)=xx,
The decision hyperplane in the new space is linear and given as
d(Z)=WZ+b, Where Z are vectors
Solving the above equation involves choosing a nonlinear mapping to
a higher dimensional space and a subsequent costly calculation for

the classification of test instant x’ (refer to Equation 2.12). However

there is a way of avoiding both.

When searching for linear SVM in the new higher dimensional space,

the training instances appear only in the form of dot products [1]
O(X,).d(X,;), where ®(X) is the nonlinear mapping function
applied to transform the training instances.
Moreover, applying a kernel function k(X,,X,)is found to be equivalent

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

k(X X,)=DX,)D(X)) e(2.13)

Equation (2.13) shows how both nonlinear mapping and calculation
on transformed data can be avoided. Afterwards the maximal
separating hyperplane can be found in a process similar to linear
SVM, though the non-linear SVM involves placing a user-specified

upper bound, C, on the Lagrange multipliers «;. This upper bound is

best determined experimentally.
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Some of the kernel functions that can be used to replace the dot

product (See Equation 2-13) include.

Polynomial kernel of degree h: k(X X,)=(X,..X,+1)" ...(2.14)
Gaussian radial function kernel: k(X,, X ) Wy L ...(2.15)
Sigmoid kernel: k(X,,X,)=tanh (kX,.X, -5) wi(2-16)

2.5.4.2 Decision Tree Induction

Classification using decision tree induction involves the learning of
decision trees from class labeled training instances. A decision tree is
a tree like structure, where branches grow out of internal nodes and
the tree ends with leaf nodes. Here the internal node denotes a test
on an attribute, each branch represents an outcome of the test, and

each leaf node holds a class label. The topmost node is the root node
[1].

Given an instance X for which the associated class label is
unknown, the attribute values of the instance are tested against the
decision tree. Testing begins from the root, decisions are made at the

branches and class prediction is arrived at a leaf node.

Decision tree classifiers can handle high dimensional data. Their
tree-like representation of acquired knowledge is instructive and
generally not difficult for human understanding. The learning and
classification steps of decision tree induction are simple and fast. In

general decision tree classifiers have good accuracy [1].
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Classifications by decision tree induction algorithms have many
applications including areas such as medicine, manufacturing and

production, financial analysis, astronomy, and molecular biology [1].

The pioneering decision tree algorithms were developed in the early
1980s; ID3 and its successor C4.5 (Quinlan) and CART (Breiman et
al., as referenced by [1]) laid the cornerstone for subsequent works

on decision tree induction.

Most algorithms for decision tree induction adopt a greedy (non-
backtracking) approach in which decision trees are constructed by a
recursive portioning of the training set into smaller and smaller

subsets.

Decision tree algorithms differ from one another in how they select
attributes in creating a tree and in the mechanism they use for

pruning, as discussed in the following paragraphs [1].

a)  Attribute Selection:

Attribute selection measure helps to find the best partition (for a
given attribute selection measure) by selecting the criteria that best
separates a given data partition, D, of class-labeled training data

instances into individual classes.

Attribute selection method provides a ranking for each attribute
describing the given training instances. The attribute having the best
score for the measure is chosen as the splitting attribute for the
given instances. Different attribute selection measures are used in
decision tree induction including information gain, gain ratio, and

Gini index.

41



b)  Tree Pruning

It is not possible to completely avoid noise and outliers of the
training data from the branches when a decision tree is built. The
resulting problem of overfitting data can be addressed by tree
pruning methods. Pruned trees are usually faster and better at
correctly classifying previously unseen instances, than unpruned

trees.

Prepruning and postpruning are the two common approaches of tree

pruning.

In prepruning a tree is pruned by halting the further partition of the
subset of training instances at a given node. Halting makes the node
a leaf. The class label of the leaf could be the most frequent class

among the subset instances.

In postpruning a sub-tree at a given node is pruned by removing its
branches and replacing it with a leaf. The class label of the leaf

would be the most frequent among the sub-trees being replaced.
¢) Decision Tree Induction Scalability

Decision tree algorithms like ID3, C4.5 and CART have restriction
that the training instances should reside in memory and are
inefficient for datasets with very large training instances that do not
fit to memory. Thus more scalable approaches, those that do not

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

required.

More recent decision tree algorithms that are scalable include SLIQ
and SPRINT. Both algorithms propose presorting techniques on disk-
resident datasets that are too large to fit in memory, and also define

the use of new data structures to facilitate the tree construction.
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Other methods like RainForest and BOAT (Bootstrapped Optimistic
Algorithm for Tree Construction) further enhance the scalability of

decision tree induction.

2.5.4.3 Other Classifiers

Other algorithms that have been frequently used for classification
include: Bayesian classifiers, Neural Network Learners and Lazy
Learners. This section gives brief description of the classification

techniques used by these algorithms [1].
a) Bayesian Classification

Bayesian classifiers are statistical classifiers, which predict class
membership probabilities like the probability that a given instance

belongs to a particular class.

Bayesian classification is based on Bayes' theorem and its classifier
models include naive Bayesian classifier and Bayesian belief

networks.

Naive Bayesian classifiers assume class-conditional independence
(i.e. they assume that the effect of an attribute value on a given class
is independent of the values of other attributes). They are found to be

comparable in performance with decision tree and selected neural
network classifiers.

Bayesian belief networks, unlike naive Bayesian classifiers, allow
class conditional independencies to be defined between subsets of
variables. Bayesian classifiers have shown high accuracy and speed

when applied to large datasets.
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b) Neural Network Learning

A neural network can be considered as a set of connected input-
output units in which each connection has a weight associated with
it. In the training phase neural network learns by adjusting the

weights, which takes long training times.

It is usually difficult for humans to interpret the symbolic meaning
behind the learned weights and the hidden units of neural networks

resulting in poor interpretability.

Neural networks, however, have high tolerance for noisy data and
they have been useful in pattern predictions. They have been applied
for practical problems including handwritten character recognition,

and training a computer to pronounce English text.
c) Lazy Learners

Classifiers which use the training data to build a classification model
and wait readily to classify the test data are called eager learners.
Eager learners include SVM, decision tree induction, Bayesian

classification, and neural network learners.

On the other hand a learner, which simply stores a trainee data and
waits until it is given the test data to build a classification model is

called a lazy learner. K-Nearest-Neighbor Classifier is an example

of a lazy learner.

Lazy learners can be computationally expensive for classification.
They offer little explanation or insight into the structure of the data.
Lazy learners, however, support incremental learning. They are able
to model complex decision spaces having hyperpolygonal shapes that

may not be as easily describable by other learning algorithms.
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2.5.5 Classifier Performance Measures

In this thesis classifiers are used for automated category assignment,
i.e., for binary classification tasks. This section therefore focuses on

binary classification performance measures.

As discussed in Section 2.4 the accuracy of a classifier should be
estimated from the classifier’s performance on a test data and is the
percentage of test set instances that are correctly classified by the

classifier.

In general the category assignment of a binary classifier can be
evaluated using a confusion matrix which is a tool for analyzing how

well a classifier recognizes instances of different classes.

Table 2.1 shows a two-class confusion matrix which shows positive

instances (documents of the class of interest, i.e., yes for classy,)

versus negative instances (no for classy,)

Table 2.1: Two Class Confusion Matrix

Predicted Class
Y1 b )
Vi True positives | False negatives
Actual Class i

v, | False positives | True negatives

In Table 2.1 true positives refer to positive instances correctly labeled
by the classifier, true negatives are negative instances correctly

labeled by the classifier, false positives refer to negative instances




incorrectly labeled, and false negatives are positive instances that

were incorrectly labeled.

In addition to accuracy the experimental data may require other
performance measures like sensitivity (recall), specificity,

precision, error, F-measure, and ROC Area [1].

Sensitivity is the proportion of positive documents that are correctly

identified

i.e. Sensitivity (recall) = ‘=P% st |8
pos

where t- pos is true positives and,

pos is the number of positive documents

Specificity is the proportion of negative instances that are correctly

identified by the classifier

Specificity = L% ..(2.18)

neg
where t-neg is the number of true negatives and

neg is the number of negative instances

Precision is the proportion of documents labeled as yes that is

actually yes instances

ey [ — pos
Precision = - L ...(2.19)
{— pos+ [ — pos

where f-pos is the number of false positives
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Now acecuracy can be written in terms of sensitivity and specificity as

Frin os
Accuracy = scns:uvlly[——"—%— + specificity | —228 ...(2.20)
POs + neg pos + neg

= pos+1t-neg

Or Accuracy =

..(2.21)

pos + neg

The error measure gives the proportion of documents assigned

incorrectly, i.e.

g s B ..(2.22)
pos + neg

Erro

Usually a classifier exhibits a trade-off between recall and precision,
i.e., when the decision thresholds in the classifier are adjusted to get
a high recall, the consequence is lowering the precision and vice
versa. If the recall and precision of a classifier can be tuned to have
an equal value, then this value is called the break-even point (BEP) of

the system.

The F-measure is defined in terms of recall and precision and is

often used as an optimization criterion in threshold tuning for binary

decisions [26]:

(f° +1)( precision x recall) (2.23)

i B’ (precision) + recall

' (recall, precision) =

where p is the parameter allowing differential weighting of

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

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

. 2(recallx precision)

...(2.24)

Ela 0
(recall + precision)

ROC (Receiver Operating Characteristics) curves show the trade-off
between the true positive rate (sensitivity) and the false positive rate
for a given model. The area under the ROC curve is a measure of the

accuracy of the model [1].

For a given classifier, if for every true positive there is a counter false
positive, the ROC curve approaches a diagonal line. The area under
the diagonal is 0.5. Therefore the closer the area (under a classifier’s
ROC curve) is to 0.5 the less accurate is the classifier, while the area

under the ROC curve of a perfect classifier is 1.

2.5.6 Classifier Accuracy Evaluation

A number of different techniques are used to reliably estimate the
accuracy of classifiers using the relations defined in section 2.5.4
The techniques include holdout, random sampling, cross-validation,
and bootstrap.

In the experimental part of this research random sampling and
cross-validation techniques are used. Brief discussion on each of

these two methods is presented in this section.

2.5.6.1 Holdout and Random Sampling

In the holdout method the given data are randomly partitioned into

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

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

portion of the training set is used to derive a classifier model [1, 24].

Random sampling repeats the holdout method a number of times
and takes an overall accuracy estimate by averaging the accuracies

obtained from each iteration.

2.5.6.2 Cross-validation

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

cross-validation and stratified cross-validation:

In k-fold cross-validation the initial data are randomly partitioned
into & mutually exclusive subsets (folds), D,,D,,..D,, each of
approximately equal size. In iteration i, partition D, is reserved as
the test set, and the remaining partitions are collectively used to
train the model, which will continue for all k iterations. Unlike the
random sampling method here each partition is used equal number
of times for training and once for testing. Classification accuracy is
estimated by dividing the overall number of correct classification
from the k iterations by the total number of instances (documents)

in the initial data [1, 24].
In stratified cross-validation, the folds are stratified so that the class
distribution of the documents in each fold is approximately the same
as that in the initial data.
Generally in practice stratified 10-fold cross-validation is employed
for estimating accuracy due to its relatively low bias and variance.

The stratified 10-fold cross-validation is used for all experiments in

this research.
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CHAPTER THREE

THE AMHARIC WRITING SYSTEM

3.1 INTRODUCTION

This chapter gives a brief description of the Amharic writing system
by focusing mainly on the electronic representation of Ambharic

characters.

Ambharic is the working language of the Federal Government of
Ethiopia and is spoken and written as a first or second language in

many parts of the country.

Ambharic, like other languages that use the Ethiopic script (Gurage,
Harari, Tigre, and Tigrniya), use characters derived mainly from

Geez.

The Ethiopic script was first displayed on a computer around 1986.
Who was the pioneer in this endeavor is controversial but one of
them was the then Ethiopian Science and Technology commission
(ESTC). At the time the challenge in the computer representation of
the script was developing a software package that can handle

character design, keyboard layout and printer set-up.

The pioneering work by ESTC started an enthusiastic rush to
develop Ethiopic software by different IT companies and teams of
individuals which led to the problem of lack of standardization. At
the present there are at least 35 Ethiopic software products

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

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

with the Unicode standard could help in standardizing the different

incompatible software products.

3.2 AMHARIC CHARACTER REPRESENTATION

Geez has been a language of literature in Ethiopia up to recent time
and is now used for the liturgy of the Ethiopian Orthodox Church.
Written Geez can be traced back to at least the 4th century A.D. The
first versions of the Geez script included only consonants while the
characters in the later versions represent consonant-vowel (CV)

phoneme pairs [5].

Amharic has borrowed most of its characters from Geez and thus the
Amharic writing uses characters created by a CV fusion. Sven
vowels are used in Amharic each of which comes in seven different
forms (orders) reflecting the seven vowel sounds (A % A, A A A R).
That is each of the 33 Amharic characters has seven forms
representing a consonant and a vowel at the same time which makes
the Amharic script syllabic. The first order is the basic form and

there are 33 basic forms giving 231 characters [22].

As examples, the symbolic representations of the seven forms of the

Ambharic characters (1 (be), ‘1 (ge), % (de) are as shown in Table 3.1.
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Table 3.1 Seven forms of Amharic Characters

: o 180 3¢ | 4th | Sth | 6th | 7th
E order | order order | order | order | order | order
3
n (- (. 0 0 a o the seven forms
of N
Consonant-
N NA | NAa | NA |NA |[NA |0 | Nh | vowel
representation
ba by K ba he B BS Represented
sound
) o 1 5 |2 “ Qo the seven forms
of 1
consonant-
Vi | Vi | TR | TR (TR |2 | 1A | vowel
1 representation
gi gu gi ga | ge G g0 Represented
sound
e o 0 4 e o 2. the seven forms
of £
consonant-
2 R e | R | CR| &R | & | &% | vowel
representation
22 el ar s Jae . Tn [dp Jl SERESRnEE
sound

The Amharic FIDEL also includes 20 symbols for labialized Velars
(i.e. & “t= he ‘I* - each with five orders) and 24 for other labialization

(Example A, “2 & ... ¢ A 4:). The FIDEL therefore has 275
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characters (letters) to be used in the writing system. Amharic also
has its own numbers (20 symbols) and its own punctuation system
where the symbol : (hulet neteb) is used to separate words, the
symbol : (netela serez) is used as a comma, the symbol : (dereb
serez) is used as a semicolon, and the symbol = (arat neteb) is used

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

been included in Amharic writing system [5].

It can be seen from Table 3.1 that the signs of the vowels have
become an integral part of the Amharic letters so that it can be said
that there are over 280 symbols in the script almost independent of
each other. (The Amharic character list - The Amharic FIDEL - is

attached as Annex 1)

3.3 PROCESSING AMHARIC DOCUMENTS

This research uses the automatic classification approach to
categorize Amharic documents. The first step in automatic

classification of documents is the selection of feature words that
represent the documents.

As there can be millions of words in text datasets storage and
processing time costs require document processing for efficient and
reliable automatic classification.

Document processing is therefore an important task to get features
that adequately represent a document without being redundant and
irrelevant.

In this research the following characteristics of the Amharic writing
system are considered during the processing of the Ambharic

documents of the source dataset.
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3.3.1 Characteristics of the Amharic Writing

The characteristics of the Amharic writing system considered in this

section are limited to those that are common to news texts.

Character Redundancy: Amharic took the whole Geez alphabet (all
seven orders of the 26 symbols of Geez) without considering whether
all the 26 characters have meaning in the Amharic writing system. It
then added some more symbols for some other sounds that it has
and that could not be represented by the symbols of the Geez
alphabet. This unsystematic borrowing from Geez has resulted in

redundant characters in the Amharic FIDEL [22].

Table 3.2 shows an example of the character redundancy where

more than one symbol is used for a given sound.

Table 3.2 Amharic Characters with Same Sound

Consonants | Other symbols with

the same sound

U (ha) 7 h <h and
0 (sd)
| A (&) A 0 and %

4 (tsa) 0

Therefore, and by considering other similar characters only about
233 of the 275 characters are actually necessary to represent
Amharic [5], i.e., by using only one character from a group of
characters with the same sound.

Spelling variations of a word would unnecessarily increase the

number of words representing a document which could reduce the

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

variants (spelling differences) caused by inconsistent usage of
redundant characters.

During the pre-processing stage of Amharic documents for this
research, the different forms of a character that have the same

sound are changed to one common form.

Table 3.4 shows examples of the different word spellings caused by

the redundant characters.

Table 3.3 Word Spelling Variations

The Word in | The Word Spelling Variants
English in of the Word
Ambharic
Work /7 Né-
Sun 0ch 0 Adhl: 0V L: AVL
World VA 0A9°: 909" ANP°
Power UeA Yen: DeA

Compound Words Usage: in the Amharic writing system,
inconsistency is often observed regarding the representation of
compound words. Some compound words are used as a single word
in some instances (either by fusing the two words or by inserting a
hyphen between them) and as two separate words at other instances.

Table 3.4 shows some examples of the inconsistency in the use of

compound words.




Table 3.4 Compound Word Usage

Compound word t| Literal Compound
used as a single English word used as | Literal English
word meaning separate meaning
words
h%.0AN0 Addis Ababa | A%.0 ANA New flower
190G School T9°0CT (LT Education
(T9°VCT-0T) house
PEPIGT (PL-115) | Surgery PE PG Cutting and
fixing

Inconsistent usage of compound words could result in redundant
word features by creating more words when a compound word
(example A%.0-4(11) is treated as two separate words A0 and Afl1.
[t may also result in a semantic loss by confusing a document about
the city Addis Ababa (A%N0-A(11) with the one talking about the floral
industry.

Variations due to Pronunciations: usage of foreign language words
in Amharic (transliteration) is also found to be another source of
word spelling variations. Observations of the ENA’s news documents
shows that in most cases in the writings of words adapted from
foreign languages different writers use different spellings. The cause
of the difference in the Amharic spellings of these foreign language

words seems to be the difference in the pronunciations of these
words.

For example, the word oy -2 (Meteorology) is found to have 14

different Amharic spellings in the source data. Table 3.5 shows




examples of spelling variation in the writing of foreign words in

Ambharic.

Table 3.5 Word Variations due to Transliteration

Foreign Word Equivalent Words in Amharic
usage
Meteorology A0 E LT PCNR: LT Ch R

APCNR: UL R UL PCAR:
TLTPCNR: TLTCPNR TLTC PN R
TEPNEr CUTCNR LTCPNR
WULPCNE: UEPCNE

Million TYNT: TLACT: “LALTT
Television LAY BAA BAAN:
LAONT

Moreover there are word spelling variations that could be attributed
to variations in pronunciations at different parts of the country, like
for example using the two words mflg and 01f to mean
temperament or using the three words m. A, myil and PIHM to

mean beetle.

Other Cases of Word Variations: Difference in word affixing has
also been observed to cause word spelling variations. For example
difference in suffixing would result in the two writings AA?°CChT and
ARPZP to refer to human intellect while difference in prefixing

would give the two writings AA7E and A7£ to mean for one’.
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3.3.2 Processing Tools

In the processing of the source dataset for this research various tools
have been developed to control redundant and irrelevant words that
could have been taken as document attributes due to the
characteristics of the Amharic writing system discussed in section
3.3.1.

The focus and depth of pre-processing requirement depends on the
purpose of the automatic classification problem [27]. This research
focuses on automatic classification of Amharic documents. The
special nature of the Amharic language and its writing system, the
lack of standard Amharic corpus, and the unavailability of

processing tools present unique pre-processing challenges.

Neither full Amharic morphological analyzer nor Amharic stemmer
was available (accessible) to this research. Therefore tools for simple
word suffix and prefix removal was adapted from the tool in (7] and
enhanced to include semantic analysis to see the effects of the suffix
and prefix removal.

Moreover various pre-processing tools were developed including

those used to control
e Word spelling variations due to pronunciation differences
e For the inconsistent use of redundant Ambharic characters
(with some adaptation of the work in [7])

e Word variations due to gender marker suffixes

e Word variations due to number marker suffixes

e The number of words representing a document by removing

stop words
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e Inconsistent usage of compound words

3.4 COMPUTERIZING THE AMHARIC SCRIPT

The data source for the experiment of this research is the Amharic
news database of the Ethiopian News Agency (ENA). The news
articles sampled are the daily news items of ENA spanning from
January 2003 to June 2006. ENA’s news items in the specified
period are written using the Amharic software Visual Geez Version
2.0 (VG2).

The VG2 software has to represent the over 280 Amharic characters
using the English language keyboard designed to recognize only 26
letters. This means the Ambharic software has to use key
combinations for the characters in the Amharic FIDEL (i.e. the
software has to consider most Amharic characters as a combination
of two characters).

Moreover, the ASCII code does not recognize Amharic scripts and
thus cannot assign numeric codes to the scripts. The Amharic
software therefore has to perform the necessary mapping of Amharic
characters to numerical codes. Table 3.6 shows sample

representation of Amharic characters in VG2.
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Table 3.6 Amharic Script Representation in VG2

N

1st
Cobsdnnit s 2nd 3rd 4th S5th 6th 7th
order order order order order order order

Ambharic script U U V- A Y % v v

VG2

representation

Ambharic script A Il A Q. 4 A A A

VG2

i 1 1# I! § @ L 10
representation
Ambharic SCI'ipt h II h v h, 4 dv ch h
VG2

; 1 g eludfed ?
representation ; ¥ ¢ @ '

The full representation of the Amharic script in Visual Geez Version

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

AUTOMATIC CLASSIFICATION OF AMHARIC TEXTS

4.1 INTRODUCTION

This chapter discusses the data source for the research, the data
processing carried out, and the testing procedures followed for the
automatic classification of Amharic documents. Moreover, the
performances of classifier models used in classifying Amharic news
documents will be shown and the performances of these classifiers

will also be compared.

As mentioned in Sections 1.4.2 and 3.4 the data source for this
research is the news articles database of the Ethiopia News Agency
(ENA). In this section the logic behind the choice of the data source,
the data sampling procedures used, and the extent of the pre-

processing carried out will be discussed.

The processing involved for selecting category representative words
out of the news items of a category will be explained. All major data
processing activities performed on the data like stemming, spelling,

gender, number normalization, stop word removal, and scaling will
be detailed.
The steps followed in the conversion of the preprocessed data to the

ARFF file format, which is appropriate for use in the Weka
application package, will be explained. The application of the Weka

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

compared on various scenarios (different sets of categories) and the

comparison result analyzed.

4.2 DESCRIFTION OF THE PRE-PROCESSING SUB-SYSTEM
The pre-processing step of the experiment involves word-level

processing of the source dataset with the ultimate aim of identifying
feature words that are representatives of the documents in the
dataset. This step also involves the conversion of the pre-processed
data to Arff, which is suitable for the Weka package used for the
automatic classification.

The design of the pre-processing sub-system depicted in Figure 4.1

contains only the major sub-system components.




Document Input

J‘,

words

Identification of component I

v

same sound to common form

Conversion of symbols with the1

v

;

Removal of stop words

Removal of common affixes I |

v

compound words to single wor

Identification and merging of J
d

v

Correcting for word spelling
variation due to pronunciation

7

Controlling for semantic loss as
the result of affix removal

l

Calculation of word frequency
(within and across documents)

—

Selection of feature words
representing a document

e

e v

Conversion of the pre-
processed dataset to Arff

—

Figure 4. 1 The general description of the data

system

Calculation of the normalized
weight of each word

}

Input to the Weka package for
automatic categorization

pre-processing sub-
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4.3 PRE-PROCESSING OF DATA

4.3.1. The Data Source

The Ethiopian News Agency’s news database containing Amharic
news items from May 2000 to August 2006 is used as data source for

the experiment of this thesis.

One of the reasons for the selection of ENA’s news database as the
data source is the availability of large collection of new items most of
which are labeled through an established manual categorization

scheme.

All in all 102,984 Amharic news items are found in the ENA
database for the stated period of May 2000 to August 2006. Not all
of these news items are useful for the classification experiment
because of errors made during the data entry and the manual

classification.

Moreover, not all components of a news item are taken as a news
document for the experiment. Observation of the structure of ENA’s
news items shows that a Headline contains a concise summary of a
news item and one can get the essence of the whole news from the
Headline. In addition the other news components - the Keywords
and the Slug - provide representative words and specific description
of the focus area of the news item respectively. Therefore only these

major elements, i.c., the Headline, the Keywords and the Slug, are

taken as representatives of a news item [28, 29].




4.3.2. Problems of the News Classification at ENA

At ENA news items are manually classified into 16 categories with a

number of sub-categories under each of the categories. The 16 news

categories and their sub-categories are shown in Table 4.1.

Table 4.1 News categories in use at ENA

No Category name Category f;:;;‘;:;
pous (Amharic)

1 | &9 @1V (Law and Justice) MG 13

2 [mS9 tNP (Health) mese 47

3 | ?$“? (Events Directory) T -

4 gggtit;:’;: 450 (International s 21

S | “MNE-P (Social Affairs) 7340 26

6 | QA 2-4¢-9 (Culture) 0t 13

7 | aé® 2010 (Politics) N7 32

8 | MNCT »45¢-T (Agriculture) A 21

9 | @haheq 0 (Defense and Security) R -

10 22;?111(:;1;:(\‘2 (Science and oyl 9

11 | a7°C (Sport) NI 39

12 | +9°0C (Education) T a

13 | A.h%'*y, (Economy) hhe 113

14 | h& 2P} (Accidents) heP 11

1S | ehPC 00e (Weather) Pho ©
—_I?T\,n-"-f- 4. 00 9294 (Other Classes) 04.9 4 ]
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The current news classification scheme at ENA has been in use since
May 2000. The system, however, hasn't brought the service delivery
to the level desired by ENA [23]. Because of the observed non-
uniform application of the classification system and its impact on
efficient service provision, ENA has conducted two in-house studies

[23] to identify the problem areas of the system and to suggest

solutions.

The major classification problems identified by the study conducted
in 2006 are:

a) Problems with the news categories
= Lack of clear distinction between some news categories

For example confusion is often observed in differentiating
the Agriculture and the Economy classes. Though to a
lesser extent, the confusion is also seen in differentiating
between the news items of the Social and the Health
classes, the Social and the Culture classes, and the

Politics and the Law and Justices classes.

- Consideration of the events directory as a news category

The existing classification system considers the Events
Directory as one news category. In fact the Events
directory is not a news category. It is kept for the purpose
of reminding (alerting) reporters about coming news events.
This misclassification has been causing problems in

subsequent activities on the news database like searching

for a particular news item.
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b) Classification errors

There is no strict process to validate the categories given by
reporters to the news items they are entering into the
system. As a result, classification errors were found in
news items that are not difficult to classify. In this regard
the Social Affairs category has been found to be the hiding

place of many news items belonging to other categories.

News items have been entered with class codes different
from the 16 recognized in the ENA classification scheme
(see Table 4.1). During data pre-processing for this
research it was found that the Amharic news database
contains a total of 38 news categories. Table 4.2 shows the
class labels and data entry records (including records with
no data) of the 22 extra categories created due to

classification errors.

Table 4.2 Errors Entered as Main News Category in ENA’s Amharic

News database

—

No. of
No. of records records
No | Category |  (including No | Category (including
code empty code empty
records) records)
! G an() 305 12 nS 187
2 YK 1,114 23| QA 15
3| =a St i O ¥
4| =R 5,749 15| “th 198
5 o0 1,944 16| mPa 651
v 109
6 g 2.720 17 N ]
] e
___-__‘—‘—l—-_.__
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- | No. of records No. of
No | LBy “Zﬁ:‘;ﬂg No C“::g:fy (i:;::ig:g
| records) empty
| records)
7| v | 35 18| e 20
8 aa | 312 19 IRh 1,853
9 UNNE 1,315 20 o’} 82 o
10| 2 | 566 21 [ 777
11 070 |i 36 22 hPA ‘ 0

c) Entry errors

A look at the representative components of news items (The
Headline, the Keywords, and the Slug) shows data entry
errors on these fields also. For example, 864 news items
are entered without a Headline, while 504 with NULL and
256 records with the '?' character for Headline. Similar
data entry errors are also observed in the other

representative components. Table 4.3 shows the summary

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

News Item No
Component 1S NYLL Entry e
Headline 504 864 256
Keywords 956 897 1
Slug 0 539 1263

4.3.3 The Sampling

Because of the problems of ENA's news classification system
discussed in section 4.2.2 the following steps were followed during

the sampling of data for the research experiment.

Condition for sampling: At ENA all news items (Amharic and
English) are stored in SQL Server database. The Table object holding
the news items has the following fields: ID, NewsID, Headline,
DateNewscreated, Keywords, Classification, Slug, SubCclassification,

and FullStory.

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

considered as representative of a news item. News items were

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

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

news sections the news item is dropped.
n ENA's

Category selection: Out of the 16 categories used ©
The

15 are considered for this study.

classification system only
e category

EVEnts Directory (,i.‘r.uij] Category iS not 'LlSCd because th

Lo e
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does not contain news items, it only shows (lists) events, that are
3

pelieved to be potential news, for reporters consumption

Clearing misclassification cases: A lot of attention was given for
the identification and clearing of the misclassification errors. Since
most of the classification errors are results of the lack of clear
distinction between some of the categories [23], automation efforts
like clustering were not found effective. Manual scanning of news
items was therefore used with the help of experienced professionals
from ENA, a process which took a lot of time and effort. As a result,

the following classification errors were identified.
_ Entering the same news item to more than one category
- Entering a news item two or more times into one category

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

news

After the identification of the misclassified news items necessary
correction actions were taken during the sampling of news items for
the experiment, i.e., duplicate News items were dropped for the
sample. News items that were given a clearly wrong category label

were removed from that particular category.

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

were identified. Out of which 128 are empty records, 25 are repeated
e entries that do not belong to the Social
Out of the 6,970

news entries, and 6,970 ar

Affairs category (i.e. classification errors).
the Events Directory while the

ducation, the Health, and

classification errors, 3,381 belong to

remaining belonging to the Accidents, the E

other categories.
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Similarly, 2 total of 1,859 records of the Economy category were
identified as error (empty entry, repeated entry and misclassification

errors).

Table 4.4 shows news items sampled for the study after correcting

the identified classification and data entry errors. After the dropping

of the Events Directory (?4“7) category, the remaining 15 categories

are taken in the sample data.

Table 4.4 Sampled News Items

7

1

No of News
No Category Name Caé:ﬁ:ry Items
Sampled
1 | Law and Justice hSE 2950
2 | Health ns e 6649
3 | International Relations 90 5459
4 | Social Affairs -0 21741
5 | Culture Oeh’k 775
6 | Politics N0 6789
7 | Agriculture 24k 4944
8 | Defense and Security avGh 186
9 | Science and Technology ek 629
i S N -
10 | Sport NG 3341
il = TR
11 | Education 19"V 4944
| e e
12 | Economy h.hs 9757
5 T ey
13 | Accidents h&P 687
Rk SR
333
14 | Weather Pho

e e



No Category Name Category Nolof News
Code tems
Sampled
15 | Other Classes 049 200 —

Total| 69,684

4.3.4 Data cleaning

Since news items are represented by the Headline, the Keywords and
the Slug a procedure is written in Visual Basic to take only the data

in these fields from the records of the source data.

The procedure collects all records belonging to a given category in a
SQL Server Table — A table for the Health class, another table for the

Education class, etc.

The sampling procedure checks for the following conditions to make
sure that the sampling requirements are met. The procedure checks
whether
3 a category code is correct (i.e., the data is of the class
under consideration).
= the data in the Headline, the Keywords, and the Slug
satisfy the sampling requirements (no blank data in these
fields).
- records marked as duplicate or belonging to a different

category are not sampled.
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4.4 DOCUMENT PROCESSING

Section 4.2 detailed the data cleaning process which is one of the
steps of document preparation for classification. This section
discusses the other steps that are important for the efficiency and
accuracy of automatic classification, i.e., relevance analysis, data

transformation, and data reduction.

4.4.1 Representing Documents by Relevant Words

Since documents are considered as a collection of words for the
purpose of classification, identifying words that adequately represent
a document is important. A document can have many words but not
all words of the document are equally important to uniquely identify
the document. Thus words that are relevant representatives of
documents (i.e. feature words) need to be identified. In this study the
following methods are employed to select the feature words of

documents.

Word identification: The procedure for identifying the words in a
document makes use of the Amharic word separators (single space,
netela serez ¥, hulet neteb :, dereb serez z, arat neteb =, carriage
return, line feed, tab, etc.). The procedure also deletes a hyphen
between words to merge hyphen separated words (example h%A-
1Y) into a single word (heah- 7). The same is done for a dot that

is between words or letters (for example %.9° is changed to %7°)

: L : ument
Collection of numbers is not considered as a docume

representative word (for example, the year 1999 is not considered a

isi ' i ion is based
word). The decision to ignore numbers in feature selectio

i to
on the observation that usually numbers do not contribute

. . 1
uniquely identify one news document from the other. Similarly
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single-letter words of Ambharic (for example 4, ¥ etc.) are not
{ ' .
considered as words.

In the process of extraction of words from documents the different
Ambharic letters that have the same sound are changed to a common

form (for example, i, -h, ¥, and 2> are all changed to v).

Stop word removal: Words that are common in Amharic documents
(like 7@+, A%, and 7(1C) do not help to differentiate one document
from another. Such stop words are ignored during feature selection.
News specific stop words like AQJ@-PPA, LhY4A, and TmG P+ are
not considered for feature selection either. The feature selection
procedure looks up to a table containing the 612 stop words
(including news specific stop words) identified in this study and
drops those found in the stop words table, from consideration for
feature selection.

Stemming: Varieties of a word created by language requirements of
affixing could result in feature words redundancy which in turn
could reduce the efficiency and accuracy of the automatic
classification. The procedure for feature selection removes common
prefixes and suffixes to change word variants to one common form.
For example, the following four variants A%V, ATYTIG, AT,
A 139G are changed to their base term ATl ‘lemat’

(Development). Similarly the variants aAg°s, 0A°74, 04777577,

NA9°739° are changed to N149° 'selam’ (Peace).

The unavailability of full morphological analyzer for Amharic meant

that the procedure of prefix and suffix removal could not differentiate

between real affixes and letters that are parts of an Amharic word
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(i.e., the procedure simply strips-off letters considered to be suffixes
or prefixes from the word).

For example, a simple prefix remoyal procedure would not identify
that the letter Il is not a prefix in the word he- “1 'ketema’ (City) or
that the letter (1 is not a prefix in the word (- bejet’ (Budget).

Similarly a simple suffix removal procedure will fail to recognize that
the letter & is not a suffix in the word &% ‘damena’ (Cloud) or that

the letter ¢ is not a suffix in the word AA9® ‘alem’ (World).

The solution given to this problem of failing to identify real affixes
from letters that are parts of a word is - adding some intelligence to
the affix removal procedure by building an affix control database.
The affix control database is a collection of words whose letters

should not be considered as either suffix or prefix.

Controlling spelling variation: Observation of the Amharic news
words that have been spelt in different ways seems to indicate that
the cause of the spelling variations is the difference in the Amharic
pronunciation of the words. Most of these words are foreign words
adapted to Amharic. For example, the word exhibition adapted from
the English language has been spelt in the following four different
ways in ENA’s news items: A0, ANLANTT,  A00E,
AN,

Some Amharic words have different spellings due to the difference in
their pronunciation on the different parts of the country. For

example, the word ‘tsebay’ which means character is found written

as 01g or as m.p0.

4 e t
In the feature selection procedure there is a table look-up to correc

: : on word
for these spelling variations. The spelling correction {ogten
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spelling variations due to transliterations. Word spelling variations

due to usage differences at different localities are also considered to
some extent.

Identifying compound words: To some extent there is lack of
uniformity in the writing of Amharic compound words. A compound
word is sometimes written as a single word and sometimes as two
separate words. This non-uniform way of writing could result in
semantic loss during document representation - thereby reducing

the accuracy of document representation.

For example, writing the compound word ‘'meker-bet’ as a single word
°NCN-T gives a meaning equivalent to a council. This word may
lose its meaning (in the context of the document that contains the
compound word) if it is written as two separate words 'miker’ 9°hC

and 'bet' (LI* meaning advice and house respectively.

To avoid the inaccuracy in document representation that might be
introduced due to the non-uniform writings of compound words, the
feature selection procedure converts compound words to a single

word (using a lookup table for the collection of compound words).

That is, the feature selection procedure scans back to check if the

current word and its predecessor are parts of a compound word. It

then merges the current word with its predecessor if the two words

are parts a compound word.

4.4.2 Data transformation and scaling
After feature selection, a document is treated as collection of the

y 3 i f
representative feature words while the whole dataset is a collection 0

. therefore
documents. Feature words representing a document are
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attributes of the document that are given some value to reflect the

degree to which they represent a document.

In this study document attribute values are calculated using the
frequency of feature words in a document. The frequency is then
normalized as shown in Equation 2.1. The attribute values are scaled
by the inverse document frequency factor (using the relation in
Equation 2.3) to reflect how uniquely an attribute represents a
document with respect to other documents of the same category.
Moreover, an attribute is taken as document representative only if its
frequency in the document is greater than one (before it is

normalized).

For example, consider the two words 0“?A.f (Somalia) and N&-PT"
(Army) that are found in two different documents that belong to the
Defense news category. Both words are taken as attributes of their
respective news documents because 1“7A.f has a frequency of 4 and
is found in 3 defense documents while A& has frequency of 3 and
is found in 22 defense documents. The word A“7A.¢ however has
much bigger attribute value (2.03969) than the word (¢-P1- with an
attribute value of (0.968088), since it is more discriminative.

After feature selection and data transformation the unique attributes

of each of the 15 news categories (i.e., the collection of the unique

attributes of each of the news items of a category) are identified as

shown in Table 4.5
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Table 4.5 News categories and their attributes

1 | Law and Justice 412 9 SUiHice i 176 #
Technology
2 | Health 779 10 | Sport 397
International
3 e 1046 11 | Education 454
4 | Social Affairs 1802 12 | Economy 978
5 | Culture 192 13 | Accidents 100
6 | Politics 894 14 | Weather 37
7 | Agriculture 916 15 | Other classes 154
Defense and
8 : 55
Security

4.4.3 Data Conversion

After selection is complete and number of feature words per category
are known the next step is converting the dataset to a format

appropriate for automatic classification.

In this study the Weka application package is used to classify
Amharic news documents. Weka is an open source data mining
software developed at the University of WAKATO in New Zealand.
The whole package is written in Java, SO it can be run on any

platform. The package offers three different interfaces.

- A command line interface

- An Explorer GUI interface: which allows different types of data

preparation, and modeling algorithms on a dataset
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- An experimenter GUI interface: which allow running different
n

algorithms in batch and comparing the results [24, 25]

Wweka expects the source data for classification to be in Arff (or in
cSV) format. Since the data processing for this research is done in
visual Basic with SQL Server at the backend, the attributes of the

news documents are in SQL table object. A sample of the processed

data is shown in Table 4.6.

Table 4.6 Sample Experiment Data from the Defense Category

] P ST

| ] I8 3 LT
NO | DfWord | Frequency | DocNo | DocFrq| Weight

96 h“?lsh 4 79 2 2.25182377795
90 A"IAF 4 75 3 2.03969037574
49 o)Lt 3 42 2 2.18590975624
158 vea 119 3 1.97998579448
64 heri; 54 4 1.83388041846

(LI s B &5

168 a@ohal) P 125 22 0.96808833446

Therefore the data in the SQL table have to be changed to Arff
format. In Arff format the whole dataset is considered as a relation,
in the same sense as the relational database. Each document in the
dataset is an instance (row) of the relation (i.e., a record with values
for the attributes) while all attributes of the dataset are fields

(columns) of the relation. Moreover, the Arff format considers the

news categories as attributes (nominal attributes whose values are

the category labels).
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conversion of the processed data to Arff therefore requir
es

conversion of the SQL table data to a type shown in Table 4.7

Table 4.7 Sample Arff file in tabular format

h“‘l.(‘l . T "_m,-!-gg.q:

#EI-.;—_EF“J‘-_C_TJC_ | Numeric | Numeric I\?Lfr:;zc l‘::::agr:c I:l:lrl:::i Nﬁ_lu_'al_ |
Cifammee| ol ol o] e o[ouam |
2| 0] 20399 | 0 0 0 0 | Defense |
"'3’_ 0| 0]2185010 0 0 0 | Defense
4] 0] 0| 0| 1979986 0 0 | Defense. |
__5__ - _U 3 0 | 0] 0| 1.833880 0 | Defense F
I—_ﬁ‘_l_ - 0_ 0 0 0 0 | 0.968088 [;c}msc

4.5 TESTING CLASSIFIER ALGORITHMS

Once the dataset is converted to the Arff format, the Explorer GUI of
Weka is used to test the performances of the selected classifiers. The
Weka explorer has various options to preprocess the input data
before the algorithm is applied for classification. Some of the pre-
processing options that are relevant to this research experiment are

summarized in section 4.4.1 below.

4.5.1 Preprocessing Options in Weka

= Working with attributes: After choosing the Explorer GUI,

when the input data is opened the Explorer shows the attribute
list. The list shows the attributes of the opened Arff file, gives

the detail of a selected attribute (for example, it gives the count
alues), more importantly it

of missing, distinct, and unique Vv
om the subsequent

gives the option of removing attributes fr

classification.

D -
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= Working with Filters: The input data can be transformed in

various ways using the filter functionality in the Explorer.
Numerous filtering options are available including:

Attribute filters which can be used to apply different
methods of attribute extraction like *, Gain-ratio, and

Information-gain.

Or attribute data transformation like changing

numeric value to binary, string to nominal, and also

normalizing attribute values.

= Instance (record) filters which can be applied to
resample instances or to normalize instances or to

change non-sparse instances to sparse and vice -versa.

Some of the popular feature extraction methods like 7, Gain-ratio,
and Information-gain as well as some of the instance filters have
been tried in the experimenting stage of this research. These
methods, available in Weka, could reduce the high processing and
time cost of the classifier algorithms, without negatively affecting the
classification accuracy. However, time constraints did not allow
detail exploration of these methods (for reducing the computational

cost of the automatic classification) for this research.

4.5.2 The Experiment

. : 1 ower
Because of the high cost of processing time and processing p

: eriment has
required by most of the classifiers, and because the exp

: . ning for SVM
to be repeated ten to hundred times (with parameter tuning

: eriment was
classifier) to get the best out of the classifiers, the exp

) i data of five
done stage by stage. The testing started with the
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categories, then the number of categories is increased to ten and
finally testing all fifteen categories,

The experiment was performed using the command line interface and
the Explorer GUI of the Weka package. It was started with the five
categories of Weather, Defense, Science, Accidents, and Culture. The
five categories have a total of 429 attributes including one attribute
for the category label (i.e., they have 28 attributes in common
between the three of them) and a total of 2600 instances (see Table
4.8).

Table 4.8 The five categories with their attributes

Category = Weather Defense | Science | Accidents | Culture
Weather 3%e M2 15 9 5
Defense 2 I 55 13 10 22
Science 15 | 13 176 22 36
Accidents 9 10 22 100 13
Culture 5 22 36 13 192

The whole experiment dataset has two types of attributes: numeric
attributes for the weight of the feature words and nominal attributes
for the class labels.

in the
Bayes

For the reasons discussed in Chapter 2, the classifiers used

experiment are SVM and Decision Tree classifiers. The Naive
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classifier is also included in the €Xperiment as a baselj
aseline

performance evaluation and comparison,

for

4.5.2.1 Classification Using Decision Tree Classifiers

Weka supports the following decision tree induction classifiers:
ADTree, BFTree, DecisionStamp, Id3, J48, LwmT, MSP, NBTree,
RandomForest, RandomTree, REPTree, and Simplecast. However, not
all of these algorithms could be used in the experiment. ADTree was
not tried because the algorithm cannot handle non-binary class (the
experimental data has nominal classes), 1d3 cannot handle numeric

attributes. MSP cannot handle nominal class.

Testing for five Categories:

Out of all the Decision Tree classifiers that can work with the
experiment data, Logic Model Tree (LMT) classifier showed the best
performance. For the five categories, the LMT correctly classified
93.45% of the 2,610 instances.

- Summary statistics
Correctly classified instances 2,439 93.45%

Incorrectly classified instances 171 6.55%

The testing on the dataset is done using 10-fold stratified cross-
validation. Wela provides a number of options for measuring the
performance of a classifier, out of which the summary statistics,

- . . s le
detailed accura cy by class, and confusion matrix are shown in Tab

4.9 for the LMT classifier.
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Table 4.9: Five categories LMT Confusion Matrix

Weather Defens_t;im Accidents Culture
321 1 I 2 4 S | Weather
0 163 | 6 S 12 | Defense
3 '?f 574 11 34 | Science
1 5 8 655 18 | Accidents
Ik 7 9 15 18 726 | Culture

Looking vertically at the value of a class in the confusion matrix, one
can see the instances of a category as assigned by a classifier. For
example, looking the above confusion matrix shows that the LMT
classifier has correctly classified 321 instances of the Weather class
(True Positives, TP) while 11 instances are False Positives (FP). Each
row of the confusion matrix shows the actual number of instances in
a category. For example, the confusion matrix shows that the actual
number of instances in the Weather news category is 333 (321 True

Positive instances and 12 False Negative instances).

Moreover, the confusion matrix can be taken as a data source for
measures used for calculating the detail accuracy of each class,

shown in Table 4.10.
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Table 4.10 Five categories LMT detailed accuracy by cla
ss

hTP FE Precision | Recall TWF_—_—___
Rate | Rate Measure | Area Clnge
0.964 | 0.005 0.967| 0.964| 0.965| 0.980|Weather
0.876 | 0.009 0.881| 0.876| 0.879| 0.963 | Defense
0.913| 0.016 0.949| 0.913| 0.930| 0.971|Science |
0.953 | 0.020  0.945] 0.953| 0.949| 0.972 |Accidents
 0.937 0.038 0.913| 0.937| 0.925| 0.053 ] Culture

The selection of the LMT tree classifier as a best performer is based
on only the accuracy (i.e., the number of news items classified
correctly) of the classifier. The selection does not consider classifier's
performance with respect to time and memory requirements. In fact,
the LMT classifier is very slow. In a PC with 256 MB memory and
over 3 GHz speed it takes several hours to build a model for the 10
folds (i.e., for the test option of 10-fold cross-validation of the data of

the five categories shown in Table 4.9 and Table 4.10).

Out of the decision tree algorithms tested, the J48 classifier was the
fastest requiring only 14.07 seconds to build the model out of the five
categories data. The correctly classified instances by the classifier

are, however, 74.11%.

Observation of the detailed category statistics shows that categories
that have relatively larger number of instances per attribute have

been classified more accurately than the others.

From Tables 4.4 and 4.5, it can be seen that the Attribute-to-

] . ‘ er
Instance ratio of the five categories tested is as follows: Weath
176

==

- " 55 ’ .. % !
0.111, e, 27, Defense (0.296, i, =), Science (0.280, i€, iog

-
233

-_—__—_‘_‘—‘——__
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Accidents (0.190, i.c., =), and Culture (0,248, ;¢ 192

??5) It can be

seen that Weather has largest instances Per category, followed by th
’ (&

Accidents class, then Culture which is followed by the Science clas
S,

with the Defense class having the smallest instances per category.

Looking at the True Positive Rate (TP) in Table 4.10, ie., the
instances correctly classified out of a]] instances of a category, it can
be seen that the Weather class has the highest TP-Rate of 96.4%
followed by the Accidents class with 95.3%, then Culture (93.7%),

then Science (91.3%) and Defense (87.6 %).

However, looking only at the TP-Rate for measuring the performance
of a classifier (or the class prediction of a category) could be
misleading. Other measures like precision, the F-measure (to
optimize for either precision or recall), and ROC-Area (to see the
trade-off between TF-Rate and FP-Rate) are also important measures

of performance.

Considering precision, recall, F-measure, and ROC-Area and
observing the detail class statistics in Table 4.10, it can be seen that
the LMT Tree classifier consistently gives better performance in the
categorization of the Weather class, followed by that of the Accidents
class, then Culture, Science, and least performance for the Defense

class.
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Testing for ten Categories:

il Summary statistics

For the ten categories the LMT correctly classified 89

| 98% of the
6,368 instances while 10.02% were classified incorrectly
Correctly classified instances 5,730 89,98
Incorrectly classified instances 638  10.02%

N Confusion Matrix

The confusion matrix for testing the ten categories is given in Table
4.11

Table 4.11 Ten category LMT Confusion Matrix

weat | defe | Scie | acci | Cuit Oth Educ | Agri

her | nse | nce | dent | ure law ers Sport ati:n li?.l-lrceu
88 1 2 | 0 0 S 3 il 4 6 | weather
0 42 O 1| 3 3 2 4 2 4 | defense
2 0| 167 | 9 6 3 3 8 7 | science
0 0 3] 195 7 6 2 3 4 7 | accident
2 2 4 | 4| 216 7 2 4 5 10 | culture
5 3 7 | 9| 11891 5 12 15 16 | law
0 0 2 6l gl 10t 9 9 12 | others
6] 4 6| o[ 10| 11| 5| 1016] 17| 19 eport
3 1 6 ‘ 8| 11| 14| 6| 20]1835| 28|cumie
11| 9| 20| 19| 20| 23| 17| 20| 26| 1467 [dEH

Looking vertically in the confusion matrix, one can see the True

Positive and the False Negative values of each category. These values
: : . in

are used to calculate the detail classification accuracy as shown

Table 4.12.
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Table 4.12 Ten categories LMT detailed accuracy by class

TP FP T

Rate Precision | Recall ROC

— Measure Area Class
0.800 0.005 | 0.752 | 0.800 0.775 0.885 | Weather

| 0689 | 0.003| 0.677| 0.689| 0.683| 0.018 | Defense
__(LSOS 0.008 | 0.770 | 0.803 0.786 0.940 | Science
| 0.859| 0.010 0.768 | 0.859 0.811| 0.945 | Accidents
0.844 | 0.012 0.742 | 0.844 0.790 |  0.938 | Culture
0.915| 0.016 0.913| 0.915 0914 | 0.967 | Law
0.685 | 0.007 0.715| 0.685 0.700 |  0.919 | Others
0.921| 0.014 0.930 | 0.921 0.926 0.971 | Sport
0.941| 0.019 0.945 | 0.941 0.943 | 0.971 | Education
0.899| 0.023| 0.931]| 0.899 0.915| 0.961 | Agriculture

Looking at the TP-Rate, the Precision, the F-measure, and the ROC-
Area indicates that categories with relatively larger instances per
attribute (Education, Sport, and Law) and categories with relatively
large instances (Agriculture) are classified more accurately than the

others.

Testing for fifteen Categories:
B Summary statistics

The LMT classifier showed an average accuracy of 79.72% for a

dataset of 22,999 instances and fifteen categories.

18,423 79.72%

Correctly classified instances
4,576  20.28%

Incorrectly classified instances

S
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Table 4.13 Fifteen categories Ly Detailed accuracy by class

e e e —

TP }_?P | Precision Recall A Roc Class
Rate | Rate | Measure | Area

0.600 0002] osif| 6w = tker| v Weather
0410 | 0001 |  0431| 0s6| ogar 40783 | Debinee |
0572] 0006| o472| o8| osse| e Science
0.604 | 0005 0481 0781 omes 0.794 | Accidents
0.559 | 0008 0433] o774 0.55 | 0.774 | Culture
0.775| 0010| o0773] o078 o788| ose7 s
0467) 0004| ‘0445| oess| 0ws2] o7ea omes

0.772| 0012| 0769] 0800| o78s 0.886 | Sport

—_—

0.831 | 0.017 0793 | 0874| 0832| 0.908 | Education
0.744 | 0.018 0760 | 0780 0.770| 0.876 | Agriculture
0.799 | 0.018 0775| 0869 | 0820 0.900 | Health

0.800 0.018 0.776 0.810 0.793 | 0.887 | Politics
0.757 0.018 0.732 0.780 0.756 | 0.869 | Inter Rel
0.804 0.019 0810 | 0.870 0.839 | 0.910 | Economy
0.849 0.024 0.900 0.911 0.905 | 0.940 | Social

Observation of the fifteen categories dataset detail statistics in Table
4.13 reveals (from the values of the TP-Rate, the Precision, the F-
measure, and the ROC-Area) that for categories with relatively larger
instances in the dataset as well as relatively large instances per
attribute (Social, Education, Economy, Politics, and Health) the L:llT
classifier shows the best performance. Least af:curacy 0.1' the
classifier is seen for categories with relatively small instances in the

dataset (i.e. Defense, Other classes, and Culture).
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- Confusion Matrix

The accuracy measures are calculated on the basis of the data shown in the confusion matrix for

the 15 categories in Table 4.14.

Table 4.14 Fifteen categories LMT Confusion Matrix

|"we_eﬁ_ | defen | scien | accid "ICL_;IItur | 5 [ O%] & [edus ~ [ Healt [ Politi [ Inter [ Econ | l Socigl] = ]
E her | se | ce |ents | e | Law | ers | Sport ' ation | agri | h ¢cs [Rel Jomy |8 I
ool ol = S 3 BE S =4y I rse el &l ey 2 5| 7 |weather |

0 25 2 2 2 1 2 2 2 2 3 3 3 5 7 | defense |
2 o| 119 3 5 2| 2 3 10 9 9 6 6 13 19 | science |
0 1 4| 137 4 5/ 3 6 6 7 10 8 6 12 18 | accidents |
2 2 4 5| 143 5] 2 6 11 14 12 10 6 15 19 | culture |
2 1 5 9 11| 755| 2 5 11 12 23 31 33 35 39 | law |
0 0 4 3 5 5| 77 2 5 7 7 8 11 13 18 | others |
3 1 7 6 6 10| 2| 851 12 17 34 32 23 42 57 | sport |
2 1 8 8 9 1345 20 | 1356 28 35 34 24 38 51 | education |
3 2 13 11 14 16| 6 15 28 | 1214 48 55 62 70 75 | agri
2 1 15 14 25| 24| 9 32 35 38 | 1753 37 42 60 | 107 | Health
3 4 10 15 7 B ) 18 29 38 56 | 1791 57 63 79 | Politics
4 6 11 13 19| 22| 13 32 40 39 47 58 | 1365 59 74 | Inter Rel
7 6 18 24 24 28] 14 35 53 51 87 89 84 | 2590 | 110 | Economy |
12 8 30 32 33| s3] 22 76 | 107 | 116 | 135| 142 140 176 | 6093 | Social |

90




4.5.2.2 Classification using SVYM

version 3.5.5 i
The Weka 0.0 used for the experiment comes with the

following SVM classifiers: GaussianProcesses (RBF kernel) and SMO

(poly kernel). Moreover, Weka supports an add-on SVM function
library of SVM.

The performances of only the Library of SVM (LibSVM) and the
Sequential Minimal Optimization (SMO) classifiers were tested on the
dataset because the GaussianProcesses function cannot handle
nominal classes. The SVM classifiers require parameter tuning to
find values at which they perform best. They also require relatively

long time for model building from the dataset.

After testing the dataset with both the SOM and the LibSVM
classifiers, the LibSVM classifier was found to be better with the

following performance measures.

Testing for five Categories:

= Summary statistics
Correctly classified instances 2,485 95.21%

Incorrectly classified instances 125 4.79%

The LibSvm classifier was tested on the same dataset of five classes

used to test the decision tree classifier. The experiment was
) e all

performed using 10-fold stratified cross-validation. The over

' %, 1.6,
accuracy of the LibSVM classifier was found to be 95.21%, 1

e
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correctly classifying 2,485 documents ang misclassifying 125 out of
0

the total of 2,610 documents,

Table 4.15 Five category LibSVM detailed accuracy by class

TP FP i :

Rate | Rate Prems“j‘_ Recall Me:sure ﬁg Class
0.970 |  0.003 0882|0970 0.976 0.987 | Weather
0.887 |  0.007 0912 | 0.887 0.899 0970 | Defense |
0.949 | 0.013 0.958 | 0.949 0.954 0979 [ Science
L o 10 0.957 0.977 | Accidents
0955| 0025|  0943| 0955 0.949 0969 | Culture

Observation of the detail accuracy for each category in table 4.15
reveals that the SVM classifier also performs better for categories
that have larger instances per attribute. Therefore, a relatively better
classifier performance is seen on the Weather, Accidents, and

Culture classes, followed by the Science and Defense classes.
- Confusion Matrix

Table 4.16 Five categories LibSVM Confusion Matrix

Weather Defense Science | Accidents | Culture
323 | i 2 2 5| Weather
o|  165] 5 7 9 | Defense
AT e 597 9 17 | Science
1 [ncad. 8 660 14 | accidents
| 1 N e ‘s 11 14 740 | Culture

The confusion matrix shown in Table 4.16 confirms the detail class

; e
statistical values used to determine the class level accuracy of th

classifier.
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with regard to the performance measures of time and
: memo
requirements, the LIbSVM classifier was found to be faster than tl:y
. e e
LMT Tree classifier. However the LibSVM requires several test ru
ns

and parameter tuning to arrive at the best prediction values

Testing for ten Categories:

For the ten categories, the LibSVM classifier shows an average
accuracy of 91.36% for the dataset of 6,368 instances with 8.64%

classification error.

- Summary statistics
Correctly classified instances 5818 91.36%

Incorrectly classified instances 550 8.64%

Table 4.17 Ten category LibSVM detailed accuracy by class

;l;.te i;:“ : Precision | Recall :'I-easure i?eg Class
0.882 | 0003| 0829| 0882 0.855|  0.926 | Weather
0.705 0.003 | 0717 | 0.705 0.711 0.926 | Defense
0.808 | 0008| 0774| 0808 0791|  0.942 | Science
0.877 | 0.007 0.829 | 0877 0.852 0.958 | Accidents

| 0.859 | 0012 0.756| 0.859 0.805 0.942 | Culture
0919| o0011| o0938| 0919 0.928 0.974 | Law
0.715 0.007 | 0733| 0715 0.724 0.926 | Others

| 0.937 o011 | o945| 0937 0.941 0.977 | Sport L.
0950 | oot1s| 0949| 0950 0950 | 0974 | cducation

L0915 0023| 0933| 0915 0.924 0.964 | Agricuiture
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For the ten categories dataset, observation of the values of the TP

Rate, the Precision, the F-measure, ang the ROC-Area in Table

4.17shows that LibSVM classifier also has better accuracy for

larger instances in the dataset (Education,
Sport, Law, and Agriculture) and for categories with relatively large
instances per attribute (Weather).

categories with relatively

Table 4.18 Ten categories LibSVM Confusion Matrix

defe | Scie | accid 2 ]
thft nse | nce | ents | “U"Ure law 2:2 Sport Eﬁg: agJ:.gu"

97 0 1] 0 | 1 1 2 1 3 4 | Weather
0 43 o [P omse) 5 N 3 2 4 | Defense
1 0| 168| 3 11 4| 3 2 8 8 | Science
1 1 3| 199 5| 3|ival ot 6 | Accidents
1 2 5 | 3 220 3 3 - 6 9 | Culture
3 3 8 5 9| 895 5 11 13 18 | Law

0 1 3 3 5| s|18] 8] 10 14 | Others
4 3 7 6 5 9 6 | 1033 11 19 | Sport

2 1 7] 5 10 12 7 12 | 1551 25 | Education
8 6 15 11 20 21 13 19 25 1494 | Agriculture

Confirmation of the values used in the class detail accuracy, is given
by the confusion matrix for the ten categories in Table 4.18. For
example, the True Positive Rate of the Education category is
calculated from the data in the confusion matrix (Table 4.18) as

follows:

1551 .
Rt T+ 5+ 104124 T+12+1551%29)
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Testing for fifteen Categorjes:

£ Summary statistics

age accuracy of 81.15% for 4
r) T i
dataset of 22,999 instances ang fifteen categories while 18.85% of
. 0
the instances were incorrectly classified.

Correctly classified Instances 18,664 81.15%

Incorrectly classified instances 4,335 18.85%

Table 4.19 Fifteen categories LibSVM detailed accuracy by class

;};te || !I':fllc Precision | Recall :’I-easure :l\zr?eg Class
0645 | 0002 0664] 0645] 0654] o828 Weather
0.443 | 0.001 _ 0.509 | 0443 0474 | 0.736 | Defense
0.692 | 0.005 0535| 0692 0604 | 0.799 | Science
0.744 | 0006 | 0537 0744| 0626| 0808 Accidents
0.746 j_}@ia__:o.aoa 0.746 |  0.605| 0.798 | Culture
0.781 | 0.009 0799 | 0781| 0790 | 0891 | Law
0.509 | 0004 0488| 0509| 0499| 0747 | Others
0.772| 0010 0791| o0772| 0782| 0886 |Sport
0.809 | 0016 0790| 0809| 0800 0.892 | Education
0.760 | 0017 | 0774| 0760| 0767| 0875 Agriculture
0.804| 0017| 0733 0804 | 0798 0.890 | Health
0.798 | 0017 0790| 0798| 0794 0888 | Politics
0.787 | 0017| o0757| 0787| 0772| 0877 | Inter Rel
0.807 0.018 Jp 0.823 | 0.807 0.815| 0.898 | Economy
0.869 | 0023 0906| 0.869| 0887| 0932 ]Socil

Observation of the detail statistics from the values of the TP-Rate,
the Precision, the F-measure, and the ROC-Area reveals that for 15
categories (Table 4.10) dataset, the LibSVM classifier (like the LMT

. .-
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tree classifier) shows best performance for categories with relatively

Jarger instances in the dataset as well as relatively large instances

per attribute (Social, Education, Economy, and Health). The

cast for categories with relatively small

i.e., Defense, Other Classes, and Weather).

classifier’s accuracy is |

instances in the dataset (
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- Confusion Matrix

The accuracy measures are calculated on the basis of the data in Table 4.20, for the confusion

matrix of the 15 categories.

Table 4.20 Fifteen category LibSVM Confusion Matrix

weat | defen l scien l accid ‘ Cultu | Other educ | agric | Healt | Politi tnicr Ecor I Socia

| her | se | ce | enls | re | Law s | Sport | ation | ulture | h | cs Rel Sliomy JEE. 1=

| o 0| 2 | 2l I3 T 1 3| 4 | 5] 3| 3| 2| 4|  6|weather
ol 2| 20 8 20 P2 T 2y R T2 Zipan 34 Sila =2 . 5 6 | defense

_ ¥l 0l [tAd | 2 AT 2T = 1ls i8] 6 5| 4] 5 | 9| 16 | science

| 0] o 2| 169 2 9 R R T (N ) T acc_fd_e_q:s__}
1 1 3 2| 194 2 1 3 5 7 6 8 4 | 8 ‘ 14 | culture
2 1 5 6 9| 761 1 5 12 13 22 31 34 35| 37 |law |
0 0 3 3 5 5 84 3 4 6 7 8 8 12| 17 | others |
2 0 6 5 8 7 2| 852 22 18 34 29 23 41 54 | sport
1 1 8 9 12 10 5 22 | 1321 36 34 35 24 54 60 | education
2 1 11 8 13 14 4 12 27 | 1241 47 53 61 67 71 | agriculture
2 0 17 19 23 24 9 37 39 45 | 1763 43 39 53 81 | Health |
2 4 9 13 25 34 11 17 30 37 55| 1788 63 65 87 | Politics |
5 5 9 13 14 18 13 26 34 31 43 51 | 1418 54 68 | Inter Rel |
7 5 21 29 28 30 16 36 59 56 73 78 65| 2599 | 118 | Economy
11 8 27 33 35 40 21 53| 102 98| 125]| 126 | 119| 142 ] 6235 | Social

97




4.5.2.3 Comparison of the DTree and the SVM classifiers

Section 4.5.2.2 shows the test on the classification accuracy of the
decision tree (LMT) and SVM (LibSVM) classifiers. The testing is done

separately for 5 categories data, then for 10 categories, and then for

15 categories.

[t can be seen in the experimentally generated data that 10-fold
cross-validation is used to test the accuracy of the classifiers for 5-
category data. For 10-category and 15-category data however, the
holdout method is used (with 66% of the data used for training a
classifier and 33% for performance testing) because of the high

performance cost of both the DTree and SVM classifiers.

Table 4.21 shows the summary of the average accuracy of LMT and
LibSVM classifiers for the experiment with 5, 10, and 15-category

datasets.

Table 4.21 Average accuracy of LMT and LibSVM classifiers

LR
Average Accuracy | Average Accuracy | Average Accuracy
Classifier
for 5-category data | for 10-category data | for 15-category data
LibSVM 95.21% 91.36% 81.15%
LMT 93.45% 89.98% 79.72%

Table 4.21 shows that ibSVM seems to give better classification

acy in all the 5, 10, and 15-category dataset experiments. The
d to test if there is a

accur

Experimenter of the Weka package 1S us€

statistically significant performance difference between the two

The Package provides the option of comparison of

classifiers.

s g _
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different classifiers. The Experimenter GUI or the command prompt
can be used for the comparison.

The two classifiers used in the experiment: The LMT and the LibSVM
classifiers are compared for performance while the Naive Bayes
classifier is used as a baseline.

The testing was done for the S-categories dataset, ie., for an
experiment type of 10-fold stratified cross-validation. The selected
tester is the corrected paired T-Test (correcting for dependencies in
estimates that may be biased to give a result showing significant
difference). The comparison field chosen is percent correct (percent of
instances classified correctly).

The result of the comparison is analyzed using Weka showing the

following results.

Tester: \‘.'eka.cxperilment.PairedCorrected'l‘Tcster
Analysing: Percent_correct

Datasets: 1

Resultsets: 3

Confidence: 0.05 (two tailed)

Dataset (3) bayes | (1) funct (2) trees

AmhaicNews  (100) 73.33 | 95.44v 93.21v

(v/ /*) | (1/0/0) (1/0/0)
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Key:

(1) functions.LibSVM -S 0 -K 2 -D 3 -G 0.1 -R 0.3 -N 0.5 -M 40.0 -C
1.0 -E 0.0010 -P 0.1' 14172

(2) trees.LMT -1 -1 -M 15 -W 0.0' -1113212459618104943

(3) bayes.NaiveBayes " 5995231201785697655

The symbol v indicates that a specific result is statistically better
than the baseline scheme. Therefore, the comparison result shows
that both LibSVM and LMT classifiers have shown significantly better
classification accuracy (at the significance level of 0.05) than the

baseline classifier.

Comparison between the LibSVM and the LMT classifiers

Tester:  weka.experiment.PairedCorrectedTTester
Analysing: Percent_correct

Datasets: 1

Resultsets: 2

Confidence: 0.05 (two tailed)

Dataset (1) trees | (2) functions

AmbharicNews (100) 93.22 | 94.45

(v/ /% | (0/0/1)
Key:
(1) trees.LMT - -1 -M 15 -W 0.0' -1113212459618104943

(2) functions.LibSVM '-S 0 -K 2 .D3-G0.3-R0.0-NO.5 -M

40.0 -C 1.0 -E 0.0010 -P 0.1' 14172
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The classification accuracy comparison test between the LibSVM and
an

LMT classifiers sows that there is no Statistically signifi
ificant
difference between the two classifiers.

Tests for the datasets of 10 and 15 categories also showed that ther
€

is no statistically significant performance (accuracy] difference

petween the LibSVM and LMT classifiers.

R
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CHAPTER FIVE

CONCLUSIONS AND RECOMANDATIONS

5.1 CONCLUSIONS

Rapid developments in Information and Communication Technology
are making available huge amount of data and information, Much of
these data are in electronics forms (like electronic publications, e-
mail, the Internet, etc.). These data do not follow a standard format
like the relational database and are available in various forms from
various sources. Much of the data is unstructured or semi-

structured and can generally be considered as a text database.

Text databases are showing accelerated growth in all corners of the
world. As a result there is an active field of study in text mining to
facilitate the extraction of useful data and information from text
databases.

The text data in local languages is also increasing fast requiring text
processing tools for text documents to be available in local
languages. This is true for Amharic also, as can be surmised from
the recent boom of online newspapers, magazines, data in electronics

storage, etc.
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A numpBenios sescasehes onantomatie processing of Ambharic text

have recently been conducted. This research work In Automati
matic

Amharic Text Categorization is an effort to contribute in this

direction.

In this section the direction followed in this research the main

contributions of the research and the conclusions reached are

summarized.

As discussed in Chapters 3 and 4, documents are represented by
feature words. Because of the problems of the Ambharic writing
system and unavailability of Amharic text processing tools, the focus
of the research was on developing a document processing scheme
which facilitates efficient automatic classification of Amharic

documents.

To this end, much attention was given on the processing of the
source data by developing and enhancing the following tools. The
tools are specific to the source data — Amharic news documents from
ENA.

e A tool to correct word spelling variations, focusing on spelling

variation due to transliterations and due to usage variation at
different localities.

e Enhancement to the suffix/prefix removal tool developed in
[7] so that it can differentiate letters in the affix list when they
are really parts of a word or an affix to it.

e A tool to correct word variations due to gender marker

suffixes.




* A tool to correct word variations due to number marker

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

suffixes.

A tool to merge compound words (When they may result in

semantic loss if separated) written as separate words

feature reduction) in

addition to other tools and data reduction methods helped to analyze

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

measure classifier performances. However, the experiment was time

intensive, taking several hours using high capacity computers
(Computers with 512 MB RAM and 3.7 GHz speed).

From this work on automatic classification of Amharic texts, it can

be concluded that

The Amharic writing system presents unique data pre-
processing challenges

The data pre-processing for the automatic classification
should be aided by comprehensive Natural Language
Processing to be effective (i.e., to develop effective data pre-
processing tools and use the tools)

Both LMT and LibSVM classifiers have high accuracy but with
high computational cost

Both LMT and LibSVM classifiers showed better accuracy for
categorics with relatively large number of documents
(instances) and for categories with relatively large number of

instances per attribute

There is no significant performance (accuracy) difference

between LMT and LibSVM classifiers
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Both LMT and LibSVM have significantly better accuracy than
the Naive Bayes classifier

5.2 RECOMMANDATIONS

The results of this research indicate the need for Ambharic text
processing tools for efficient automatic classification. Removal of
redundant and irrelevant attributes of documents has a determining
effect on the use of text classifiers - in real situations and on large

datasets it could decide whether or not a classifier is useful.

Although text classifiers are available off-the-shelf, they may not
show good performance unless aided by an efficient pre-processing of
the source data.

Therefore much more has to be done to ensure automatic processing
of Amharic texts for all situations. The following are some of the

areas identified in this research for future work.

1. Highly customized tool for correcting spelling variations was
developed in this research. Full-fledged Amharic spelling
checker, which addresses the various causes of spelling

variations need to be developed.

2. A tool has been developed to merge separated compound
words so as to prevent the semantic loss that could happen as
a result of the separation. Further investigation is needed to
see the importance of merging separated compound words.
Especially with the existing non-uniform usage of the

compound words (sometimes as a single word sometimes as

separate words).
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3. In this research a number of tools have been developed and

enhanced to reduce word variation due to the various language

requirements affixing. These separate and incomplete efforts

should be replaced by the availability of a complete Amharic

stemmer.

4. The SVM and Decision Tree classifiers used in this research
have shown good accuracy. They both have, however, high
performance cost (processing power and time cost). Therefore

there is @ need to look for other classifiers with less processing

cost and better accuracy.

5. Huge data has been available for this research work. Many
hours of work has been spent on pre-processing the data. The
work on the data is by no means complete, mainly because of
the size of the data. Further work by researchers on these data
could lead to the development of the much needed Amharic

corpus.

6. Experience from this research shows that there is very little
cooperation among researchers working to automate the
information processing and retrieval tasks - from Amharic data
sources. Better cooperation among researchers as well as
coordination of the various individual efforts could result in

andard tools and methods for mining

andard tools developed for

more efficient and st
Amharic data sources. Moreover, st
Amharic could be used for other languages that use the

Ethiopic script.
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Annex 2: List of symbols used in the Visual Geez-

2 for the Amharic FIDEL (8]
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