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Abstract

Text classification is getting more attention and there is an increasing need for text classification
technique that provides automatic, fast, and accurate classification with the least human
interaction with such systems. Many techniques of supervised learning and unsupervised
learning do exist in the literature for data classification. Semi-supervised learning is halfway
between the supervised and unsupervised learning. In addition to unlabeled data, the algorithm is

provided with some supervision information but not necessarily for all example data.

The paper explored the semi-supervised text classification which is applied to different types of
vectors that are generated from the Amharic text documents. 3,154 news articles were used to do
this research. To come up with good results document preparation and preprocessing was done.
Weka package is used for the classification of the preprocessed data. Machine learning
techniques, Expectation maximization clustering algorithm with Naive Bayes, Hyperpipe, and

RBF Network classification algorithm were used to categorize the Amharic news items.

The accuracy of the classifiers was better when the number of classes is less. The best result was
obtained by the Naive Bayes , Hyperpipe and RBF Networks classifiers with four classes (83.44
%, 82.8 and 82.4%) and the least performance is shown on the 10 categories (55.42%,57.26%
and 51.9%) respectively. This research indicated that Naive Bayes is more applicable to semi-
supervised categorization of Amharic news items.

Keywords: Text categorization, semi-supervised machine Learning, Naive Bayes, Hyperpipe
and RBF Networks



CHAPTER ONE

INTRODUCTION

1.1. Background

In today’s world, communicating with others via internet has become an integral part of life. It is
hard to find a college student, professional, or any educated person for that matter, who does not
use internet and send or receive e-mails. Also, it is an established fact that a lot of the
communication that occurs within companies and organizations is nowadays done by e-mails,
rather than memos or common bulletin boards. Modern Information Technologies and Web-
based services are faced with the problem of selecting, filtering and managing growing amounts
of textual information to which access is usually critical. Information Retrieval (IR) is seen as a
suitable methodology for automated management of information/knowledge as it includes
several techniques that support an accurate retrieval of information and the consequent user
satisfaction. Among others, the classification of electronic documents in general categories (e.g.,
Sport, Politic, Economy...) is an interesting means to improve the performances of IR systems
(Hirotoshi, 2002). It helps users to more easily browse the set of documents of their own
interests; sophisticated IR models can also take advantages of the categorized data. Automatic
organization of documents has become an important research issue since the explosion of digital
and online text information.

From the early 1990s a lot of work has been made in document classification tasks. The
effectiveness of many studies has dramatically improved thanks to the introduction of Machine
Learning methods into the Text Classification community.

Document classification can be defined as the process of assigning text documents to predefined
classes. Text classification can be made manually or automatically. Each of them has advantage
and disadvantage to the user (Gebrehiwot, 2011).Two of the most widely-used methods in
machine learning for prediction and data analysis are classification and clustering (Duda, 1997).
Classification is a supervised task, where supervision is provided in the form of a set of labeled

training data, each data point having a class label selected from a fixed set of classes (Mitchell,



1997). The goal in classification is to learn a function from the training data that gives the best
prediction of the class label of unseen (test) data points.

Generative models for classification learn the joint distribution of the data and class variables by
assuming a particular parametric form of the underlying distribution that generated the data
points in each class, and then apply Bayes Rule to obtain class conditional probabilities that are
used to predict the class labels for test points drawn from the same distribution, with unknown
class labels (Ng, 2002). In the discriminative framework, the focus is on learning the
discriminant function for the class boundaries or a posterior probability for the class labels
directly without learning the underlying generative densities (Jaakkola, 1999). It can be shown
that the discriminative model of classification has better generalization error than the generative
model under certain assumptions (Vapnik, 1998), which has made discriminative classifiers, e.g.,
support vector machines (Joachims, 1999) and nearest neighbor classifiers (Devroye, 1996), very
popular for the classification task.

Clustering is an unsupervised learning problem, which tries to group a set of points into clusters
such that points in the same cluster are more similar to each other than points in different
clusters, under a particular similarity metric (Jain, 1988). Here, the learning algorithm just
observes a set of points without observing any corresponding class/category labels. Clustering
problems can also be categorized as generative or discriminative. In the generative clustering
model, a parametric form of data generation is assumed, and the goal in the maximum likelihood
formulation is to find the parameters that maximize the probability (likelihood) of generation of
the data given the model. In the most general formulation, the number of clusters K is also
considered to be an unknown parameter. Such a clustering formulation is called a “model
selection” framework, since it has to choose the best value of K under which the clustering
model fits the data. In the discriminative clustering setting (e.g., graph-theoretic clustering), the
clustering algorithm tries to cluster the data so as to maximize within-cluster similarity and
minimize between-cluster similarity based on a particular similarity metric, where it is not
necessary to consider an underlying parametric data generation model. In both the generative and
discriminative models, clustering algorithms are generally posed as optimization problems and
solved by iterative methods like EM (Dempster, 1977), approximation algorithms like KMedian.
As the number of clusters and documents increase, the clustering solutions produced by k-means

and bisecting k-means become more internally cohesive and externally isolated. However, the



clustering results do not match better with the pre-defined classes and requires relatively high

computational requirements (Lakechew, 2011).

Both of them have their own advantages and disadvantages. Supervised algorithms assume that
the category structure or hierarchy of a text database is already known. They require a training
set of labeled documents and return a function that maps documents to the pre-defined class
labels. Knowing the category structure in advance and generation of correctly labeled training set
are very challenging or even impossible in large and dynamic text databases.

In unsupervised clustering, we have unlabelled collection of documents. The aim is to cluster the
documents without additional knowledge or intervention such that documents within a cluster are
more similar than documents between clusters.

Recently, there has been a lot of interest in the continuum between completely supervised and
unsupervised learning (Ghani, 2003). Many document classification tasks are most of all

supervised learning problems, since the process learns from pre-classified labeled documents.

1.2. Statement of the Problem

In many practical learning domains (e.g. text processing, bioinformatics), there is a large supply
of unlabeled Amharic data but limited labeled Amharic data, which can be expensive to generate.
To prevent this problems numerous researches have been conducted such as Zelalem (2001),
Surafel (2003), Yohannes (2007), Worku (2009), Alemu (2010), Zeleke (2010) and
Lakechew(2011) were conducted. Except the last researcher, who did on unsupervised text
categorization all researchers have done on supervised text categorization. Supervised text
categorization has the following limitations

First, it can be ambiguous: objects might have non-unique labeling or the labeling themselves
may be unreliable due to a disagreement among experts.

Second, it uses limited vocabulary: Typical labeling setting involves selecting a label from a list
of pre-specified labels which may not completely or precisely describe an object.

Third, supervised learning algorithms require a large, often excessive, number of labeled training
documents for the accurate learning (Kohavi, 1996). Since the application area of automatic text
categorization has diversified from articles and web pages to electronic mails and newsgroup

postings, it is a difficult task to create training data for each application area (Nigam, 2000).



According to Nigam et al. (Nigam, 2000), in supervised text classification, obtaining training
labels is expensive in huge volume of document collection. This is because in supervised text
classification labeling of training data is done by a person manually and this is a time consuming,
cumbersome and error prone process.

Fourth, Ozgur (Ozgur, 2004) concludes that unsupervised text classification techniques perform
better in terms of time complexity and the quality of clusters produced as compared to
supervised techniques. This shows that the overall similarities of the clustering solutions
obtained by the unsupervised techniques are higher than the supervised ones.

Fifth, supervised text classification algorithms are expensive and time consuming to organize
documents in to their categories. As Nigam et al. (Nigam, 2000) suggests, text clustering is a
useful and inexpensive way to organize vast text repositories into meaningful topic categories.
Furthermore, text clustering offers a low cost alternative to supervised classification, which relies
on expensive and difficult handwork to label training data (Massey, 2004).

On the other hand unsupervised learning has the following limitations

First, unsupervised learning is more difficult problem than supervised learning due to the lack of
a well-defined user-independent objective. Due to this reason, it is usually considered an ill-
posed problem that is exploratory in nature; that is, the users are expected to validate the output
of the unsupervised learning process. Devising a fully automatic unsupervised learning algorithm
that is applicable in a variety of data settings is an extremely difficult problem, and possibly
infeasible (Kang, 2003).

Second, unsupervised learning is less accurate than supervised text classifier. Since unsupervised
learning is natural grouping because of nosy data different documents may be classified in the
same group.

Third, unsupervised text classification algorithm is presumably the drive to create and apply
explicit rules led to increase study and test phase response times when compared with the
incidental conditions (Bradley, 2002).

Forth, interestingly, the subjects in the intentional conditions also performed worse in the filler
task involving arithmetic problems, possibly indicating increased fatigue or the attempted
rehearsal of study-phase items (Bradley, 2002).

Different from the unsupervised techniques, the supervised techniques use class label

information in addition to the similarity information between documents. For this reason, it is



expected that the clusters (groups) obtained by the supervised techniques are of higher quality
compared to the unsupervised techniques. However, the best performers of the unsupervised
techniques k-means and bisecting k-means achieve generally better performance than
NaiveBayes and not much worse performance than k-NN, which are supervised techniques, in
terms of entropy, purity, overall similarity and F-measure. In the supervised document
classification there may be bias or misclassification. Another observation is that, compared with
the supervised techniques the unsupervised techniques generally achieve higher overall similarity
performance. This is due to the fact that they make decisions depending only on the similarity
information between documents. On the other hand the supervised techniques use a labeled
training set. This observation has made us think that there may be some outliers in the labeled
training set that leads to decrease in the overall similarity of the clusters obtained and
unsupervised techniques can be used to enhance the task of pre-defining categories and labeling
documents in the training set. Consequently, learning from a combination of both labeled and
unlabeled data, has become a topic of significant recent interest. Unlabeled data is available in
abundance, but it is difficult to learn the underlying structure of the data. Labeled data is scarce
but is easier to learn from. Semi-supervised learning is designed to alleviate the problems of
supervised and unsupervised learning problems, and has gained significant interest in the
machine learning research community. The framework of semi-supervised approach is
applicable to both classification and clustering. Semi-supervised classification algorithms train a
classifier given both labeled and unlabeled data.

Most semi-supervised learning algorithms developed to modify existing supervised or
unsupervised algorithms, or devise new approaches. Semi-supervised classification has received
significant amount of interest, as it provides a way to utilize the large amount of readily available
unlabeled data for improving the classifier performance. Semi-supervised classification has been
successfully applied to various applications in computer vision and machine learning, such as
text classification, human computer interaction, content based image retrieval , object detection,
person identification , relevance feedback, computational linguistics and protein categorization,
to name a few. Similarly, side-information such as pairwise constraints has been utilized to
improve the performance of clustering algorithms by aiding them in arriving at a clustering
desired by the user. Semi-supervised learning continues to pose both theoretical and practical

questions to researchers in the machine learning. There is also an increasing interest in the fields



of cognitive sciences and human psychology since there are demonstrated settings where humans

performed semi-supervised learning (Kang, 2003).

In order to maximize the accuracy, similarity performance, and other things the researcher has

explored application of semi-supervised approach for text classification for Amharic documents.

To this end, this study attempts to address the following research questions:

v
v

1.3.
1.3.1.

Which classification algorithm is best for classifying Amharic text documents?

Which clustering algorithm is more suitable for labeling unlabeled Ambharic text
documents?

Which learning approach is more appropriate for creating classification model that helps
in Amharic text categorization?

To what extent the semi-supervised model is able to predict according to the experts

judgment?

Objective of the study

General Objective

The main objective of this study is to explore automatic Amharic text classification, using both

labeled and unlabeled data or supervised and unsupervised machine learning approaches.

1.3.2.

Specific objective

The specific objectives are:

+

-+ & + &

To apply semi-supervised learning approach that improves the existing and established
supervised and unsupervised learning algorithms without having to modify them. That is
an algorithm that utilizes unlabeled data along with the labeled data while training
classifiers.

To review literature on the concepts, techniques and tools of text classification
particularly in the area of semi-supervised learning.

To select suitable techniques for classifying Amharic text news.

To design Amharic news text classification architecture

To design a prototype Amharic text news classifier.

To evaluate the performances of the prototype Amharic text news classification system.
To recommend research direction for future work(s) in the area of automatic Amharic

text classification.



1.4. Methodology

The methodology that was used for this study includes knowledge discovery in text (KDT)
approach that is recommended by Karanikas et al. (Arzucan, 2002). KDT is a multi-step process,
which includes all the tasks from the gathering of documents to the visualization of the extracted
information. In this research, the three phase KDT process used to achieve the above objectives

and it is adapted from the previous researcher.

1.5. Literature review

To get more information about text categorization and the tools and techniques that the
researchers used before the researcher referred to text books and also discussion with ENA

workers was held.

1.6. Data source and data set preparation

The data sets collected from Ethiopian News Agency (ENA) because in this organization almost
all works or classifications are made manually, which is tedious. The researcher used the data
collected and used by the previous researchers who did their research in ENA and also collect
additional data from ENA. The format of data sets converted in to text for pre processing. The
preprocessing had two steps. The first step was removing the irrelevant characters from the

corpus. The second step was performing the preprocessing. Both tasks were done using python.

1.7. Design procedures

Categorization of Amharic documents has been developed using three steps. These are
preprocessing, clustering and classification. The first task is to preprocess, which includes
tokenization, normalization, stop words removal and stemming. The second task is to cluster
documents in a structured organization of semi labeled classes.

The idea is to perform a preliminary classification of documents using only the labels associated
with the categories and the relationships between classes. This is the unsupervised classification
problem. The third task is to classify documents in a structured organization of full labeled

classes.



1.8. Tools and Techniques

As it is mentioned, the main objective of this study is to categorize Amharic documents. Text
categorization includes clustering and classification of different Amharic documents. This task

handled by using weka, because it is easy to use and has a graphical user interface.

1.9. Evaluation Techniques

We need evaluation methods to compare various text classifiers. Evaluation of a classifier can be
conducted by measuring its efficiency and its effectiveness. Efficiency is typically measured by
using the elapsed processor time and it refers to the ability of a classifier to run fast. Efficiency
of a classifier can usually be measured on two dimensions: learning efficiency (i.e., the time a
machine learning algorithm takes to generate a classifier from a set of training examples) and
categorization efficiency (i.e., the time the classifier takes to assign appropriate categories to a
new document). Because of the unstable nature of parameters on which the evaluation depends,
efficiency is rarely used as the singular performance measure in text categorization. However,
efficiency is important for the practical application of the system.

A much more common evaluation method for text categorization systems is effectiveness: this
refers to the ability to take the right decisions on the categorization of new incoming documents.
There are several commonly used performance measures of effectiveness. However, there is no
agreement on one single measure for use in all applications. Indeed, the type of measure that is
preferable depends on the characteristics of the test data set and on the user’s interests. The
absence of one optimal measure of effectiveness makes it very difficult to compare the relative
effectiveness of classifiers. The system has been evaluated based on its efficiency and

effectiveness.

1.10. Scope of the study

The scope of this study is limited to investigate the feasibility of designing Amharic news text
classification system using semi-supervised approach. In this study, different classification
algorithms, such as, Naive Bayes, HyperPipe, RBF Networks and the EM clustering algorithms
were used. The study is limited only to classification of text news items from ENA. HTML

documents, image documents and others were not considered in this study.



1.11. Significance of the study

Semi-supervised Learning (SSL) takes advantage of a large amount of unlabeled data to enhance
classification accuracy. Its application to text categorization is stimulated by the easy availability
of an overwhelming number of unannotated documents, in contrast to the limited number of
annotated ones. Intuitively, corpora with different topics may not be content wise related,
however, word usage exhibits consistent patterns within a language. The main purpose of this
work is to address Amharic news classification task. This can be explored in a process that
exploits a taxonomic structure, approaching both the unsupervised and the supervised problem.
The first goal can be conceived as the activity of finding a hypothesis of the right location of a
document taking into account only the structured organization of classes. Then locate each
cluster in different categories. This enables the user to find and locate Amharic documents in

simple and easy way.

1.12. Thesis Organization

This thesis is organized into six chapters: Chapter 1 - Introduction; Chapter 2- Literature Review;
Chapter 3 — The Amharic Language and its Writing system; Chapter 4 - Methodology Chapter-5
Experiment and Performance Evaluation and Chapter 6 — Conclusion and Recommendations.

Chapter one includes background, statement of the problem, objectives of the study,
methodology, scope and applications of the study. Chapter 2 discuses different text classification
approaches, document preprocessing and representation, overview of the different classification
and clustering algorithms and evaluation techniques. Chapter 3 gives highlight about Amharic
writing system. Chapter 4 discusses details of methodology adopted and chapter 5 presents the
experimental results and findings of the study. In chapter 6 summarizes findings of this study and

recommendations are given for further research.



CHAPTER TWO

LITERATURE REVIEW

Introduction

With the ever-increasing volume of text data from various online sources, it is an important task
to categorize or classify these text documents into categories that are manageable and easy to
understand. Text classification is the task of assigning previously unseen documents to
appropriate predefined categories. The task is commonly described as follows: Given a set of
labeled training documents of n classes, the system uses this training set to build a classifier,
which is then used to classify new documents into the n classes. The problem has been studied
extensively in information retrieval, machine learning and natural language processing. The
supervised machine learning approach makes this automatic, by learning classifiers from a set of
training examples. For most supervised learning algorithms, building accurate classifiers needs a
large volume of manually labeled examples. This manual labeling process is time-consuming,
expensive, and will have some level of inconsistency (kang, 2003). This problem motivates the
researcher work towards a text categorization system that can achieve a satisfactory level of

performance with fewer training examples.

Many machine learning algorithms have been developed and applied to the construction of
classifiers. They can usually be grouped into rule-based, probability based, and similarity-based
learning algorithms. This thesis focuses on the similarity based approach. This builds upon the
large volume of previous work in the area of text categorization that has adopted this approach.
The similarity-based approach offers the possibility of exploring statistical information that may

capture the target concepts hidden in documents (kang, 2003).

2.1. Text Categorization

In this section, the paper gives an overview of text categorization. First defines the text
categorization task and discusses ambiguities in most natural languages on which classifiers
should be built. Then, discusses two general approaches, “knowledge engineering” and “machine

learning”, to the construction of classifiers and why the researcher is focusing on a machine
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learning approach. This section also describes characteristics of the domain of text categorization

that make this task difficult for a machine learning approach.

2.1.1. A Definition of Text Categorization

Text classification (also known as text categorization) is the automated assignment of natural
language text to appropriate thematic categories, based on its content. A set of categories is
predefined manually (Arzucan, 2002).

Two different types of text categorization task can be identified depending on the number of
categories that could be assigned to each document. The first type, in which exactly one category
is assigned to each dj € D, is regarded as the single-class (or nonoverlapping categories) text
categorization task. The second type, in which any number of categories from zero to |C| may be
assigned to each dj €D, is called the multi-class (or overlapping categories) task (Sebastiani,
2002). A special type of multi-class text categorization is one where each document is assigned
to the same number k, where k > 1, of categories. The answer to the question of which type of
text categorization should be adopted for a given text categorization system depends on the

application and characteristics of the corpus (kang, 2003).

Most semi-supervised learning methods are extensions of existing supervised and unsupervised
algorithms. Therefore, before introducing the developments in semi-supervised learning

literature, it is useful to briefly review supervised and unsupervised learning approaches.

2.1.2. Ambiguities in Natural Language Text

In most content-based text classification systems, an important issue is how they can capture the
meaning of the natural language texts. Obtaining accurate classifiers requires the system to
understand the natural languages at some level. Understanding natural languages, however, is a

difficult task due to ambiguities in them:

1. The same sentence may have different meanings. For example, consider a sentence like
“Salespeople sold the dog biscuits” (an example from Charniak, 2003). This sentence can
be interpreted in two different ways: (1) the salespeople are selling the dog-biscuits and
(2) the salespeople are selling biscuits to dogs.

2. There is the large number of synonyms — syntactically different words with the same or

similar meanings in natural languages. It is regarded as good writing style not to
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repeatedly use the same word for expressing a particular idea (or concept). Synonyms
allow the same idea to be expressed by different words that have a similar meaning.

3. Polysemy refers to an ambiguity where words which are spelled the same can have
different meanings in different sentences or documents. For example, the word “bat” may
mean (1) an implement used in sports to hit the ball or (2) a flying mammal.

Resolving such ambiguities is probably beneficial to text categorization when there are many
words in common across categories, even though it may not have a huge impact on the overall

text categorization performance.

2.1.3. Knowledge Engineering versus Machine Learning Approach

There are two different ways of constructing classifiers, the function: D x C {T, F}. They are
“knowledge engineering” and “machine learning” approaches. In the knowledge engineering
approach, human experts (including knowledge engineers and domain experts) manually create a
set of rules that correctly categorize previously unseen documents under given categories. While
allowing for semantically-oriented text categorization, by defining controlled vocabularies which
can be interpreted by the text categorization system (Brasethvik, 2001), manually determining
such a solution imposes a considerable workload on human experts. This makes it time

consuming and expensive.

Also, this manual approach may cause inconsistency since human experts often disagree on the
assigned categories of documents and even one person may categorize documents inconsistently
(Apte, 1994). As a result, these problems for the knowledge engineering approach cause the
bottleneck of encoding large amounts of incomplete and potentially conflicting expert

knowledge.

The machine learning approach to text categorization is to automatically build the classifiers by
learning the concept descriptions of the categories. One type of machine learning, applied to text
categorization, is “supervised learning”. This requires a set of pre-labeled (pre-categorized)
training documents for generating classifiers. By contrast, “unsupervised learning” refers to the
task of automatically identifying a set of categories from a set of unlabeled documents and

grouping these unlabeled documents under these identified categories (Merkl, 1998).

12



The advantages of the machine learning approach over knowledge engineering are the
considerable reduction in the volume of work required from human experts, consistent text
categorization, and the capability of easily adjusting the generated classifier to handle different
types of documents (such as newspaper articles, newsgroup postings, electronic mails, etc.) and

even languages other than English.

2.1.4. Difficulties for the Machine Learning Approach

The unstructured format of natural language text and the diversity of target concepts associated
with the categories, present interesting challenges to the content based application of machine
learning algorithms. The large number of input features, that seem necessary for the construction
of classifiers, overwhelms most text categorization systems. For most machine learning
algorithms, increasing the number of features means that they have to use more training
examples to obtain the same level of text categorization performance. This large number of
training examples and features may be computationally intractable for most machine learning

algorithms, by requiring unacceptably large processing time and memory.(kang, 2003)

Of the large number of features, there are usually many features that appear in most documents.
These words can be considered irrelevant, in the sense that such features are evenly distributed
throughout documents and, as a result, have no discriminating power. It is important for the
efficiency and effectiveness of the system to select an efficient subset of features, by removing
these irrelevant ones. However, it is a difficult task since a reasonable feature subset size might
be different across the categories and some informative features for a given category could be
distributed across several categories. For example, depending on the level of concept complexity,
some categories require a large number of features to describe their concepts while others need a
relatively small number of features. Also, informative features in the overlapping categories
might be evenly distributed across such overlapping categories and could be considered as

irrelevant ones.(kang, 2003)
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2.2. Text categorization approaches

2.2.1. Supervised learning

Supervised learning aims to learn a mapping function f: X — Y, where X and Y are input and
output spaces, respectively (e.g. classification and regression (Duda, 2000). The process of
learning the mapping function is called training and the set of labeled objects used is called the
training data or the training set. The mapping, once learned, can be used to predict the labels of
the objects that were not seen during the training phase. Several pattern recognition (Duda, 2000)
and machine learning (Mitchell, 1998) textbooks discuss supervised learning extensively. A brief

overview of supervised learning algorithms is presented in this section.

Supervised learning methods can be broadly divided into generative or discriminative
approaches. Generative models assume that the data is independently and identically distributed
and is generated by a parameterized probability density function. The parameters are estimated
using methods like the Maximum Likelihood Estimation (MLE), Maximum A Posteriori
estimation (MAP) (Duda, 2000), Empirical Bayes and Variational Bayes (Bishop, 2006).
Probabilistic methods could further be divided into frequentst or Bayesian. Frequentst methods
estimate parameters based on the observed data alone, while Bayesian methods allow for
inclusion of prior knowledge about the unknown parameters. Examples of this approach include

the Naive Bayes classifier, Bayesian linear and quadratic discriminants to name a few.

Instead of modeling the data generation process, discriminative methods directly model the
decision boundary between the classes. The decision boundary is represented as a parametric
function of data, and the parameters are learned by minimizing the classification error on the
training set (Duda, 2000). Empirical Risk Minimization (ERM) is a widely adopted principle in
discriminative supervised learning. This is largely the approach taken by Neural Networks
(Bishop, 2005) and Logistic Regression (Bishop, 2006). As opposed to probabilistic methods,
these do not assume any specific distribution on the generation of data, but model the decision

boundary directly.

Most methods following the ERM principle suffer from poor generalization performance. This
was overcome by Vapnik’s (kang, 2003) Structural Risk Minimization (SRM) principle which

adds a regularity criterion to the empirical risk that selects a classifier with good generalization
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ability. This led to the development of Support Vector Machines (SVMs) which regularize the
complexity of classifiers while simultaneously minimizing the empirical error. Methods
following ERM such as neural networks and Logistic Regression are extended to their
regularized versions that follow SRM (Bishop, 2006).

2.2.1.1.  Classification Algorithms
Supervised algorithms assume that the category structure or hierarchy of a text database is
already known. They require a training set of labeled documents and return a function that maps
documents to the pre-defined class labels. As discussed previously, knowing the category
structure in advance and generation of correctly labeled training set are very challenging or even

impossible in large and dynamic text databases.

A wide range of classification algorithms have been developed through time with different
underlying models and different theories of how a classifier should be built. These algorithms
have different inductive biases that affect their performance on a data set, and consequently, it is
important to find the inductive bias that best fits the data set. This can be done empirically by
applying a set of different machine learning algorithms and selecting the algorithm that performs
the best(Stig-Erland, 2007).

In this section the paper discuss the most popular supervised algorithms.

2.2.1.1.1. Bayes

Bayesian algorithms are based on Bayes’ Theorem, which is defined as

P(h|d) =
....................................... equation 1

where the h corresponds to a hypothesis, namely a prediction of a particular class, and the d
represents the attributes of the unlabeled instance.

Naive Bayes

The naive Bayes (NB) classifier is a probabilistic model that uses the joint probabilities of terms
and categories to estimate the probabilities of categories given a test document (Mitchell, 1999).
The naive part of the classifier comes from the simplifying assumption that all terms are
conditionally independent of each other given a category. Because of this independence
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assumption, the parameters for each term can be learned separately and this simplifies and

speeds the computation operations compared to non-naive Bayes classifiers.

There are two common event models for NB text classification, discussed by McCallum and
Nigam , multinomial model and multivariate Bernoulli model. In both models classification of

test documents is performed by applying the Bayes’ rule (Mitchell, 1999):
P(cj|jdi) = P(cj) . P(dij|cj)

PI) equation 2

where di is a test document and cj is a category. The posterior probability of each category cj
given the test document di, i.e. P(cj|di), is calculated and the category with the highest
probability is assigned to di. In order to calculate P(cj|di), P(cj) and P(di|cj) have to be estimated
from the training set of documents. Note that P(di) is same for each category so we can eliminate

it from the computation.

Multinomial Model

In the multinomial model a document di is an ordered sequence of term events, drawn from the
term space T. The naive Bayes assumption is that the probability of each term event is
independent of term’s context, position in the document, and length of the document. So, each
document di is drawn from a multinomial distribution of terms with number of independent trials
equal to the length of di(kang, 2003).

Multivariate Bernoulli Model
Multivariate Bernoulli model for naive Bayes classification is the event model. In this model a
document is represented by a vector of binary features indicating the terms that occur and that do

not occur in the document.

Here, the document is the event and absence or presences of terms are the attributes of the event.
The naive Bayes assumption is that the probability of each term being present in a document is

independent of the presence of other terms in a document.
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To state differently, the absence or presence of each term is dependent only on the category of

the document.

Different from the multinomial model, the multivariate Bernoulli model does not take into
account the number of times each term occurs in the document, and it explicitly includes the
non-occurrence probability of terms that are absent in the document (McCallum,1998).

2.2.1.1.2. Lazy

Lazy learning algorithms differ from the other classification algorithms in that the training of the
classifier is postponed until classification. This allows the classifier to be customized according
to each unlabeled instance at the expense of being computational intensive if there are many
instances to classify(Stig-Erland, 2007).

IB1

IB1 is a nearest neighbour algorithm that determines the class of an unlabeled instance according
to the class of the nearest training instance. The distance between two instances are calculated
using the euclidean distance(Stig-Erland, 2007).

T

S - by

L, equation 3

where ai and bi are the attributes i of the instances a and b.

IBK

IBk is similar to IB1, but it uses the k nearest neighbours instead of only one. The predicted class
is determined by the majority vote where each instance places a vote on its corresponding
class(Schmitter, 2006).

K*

K* is a nearest neighbour algorithm that employs, instead the Euclidean distance, an entropic
distance function computing the probability of randomly transforming one instance into another.
Each class receives a vote from each instance with a weight equal to the distance from it to the

unlabeled instance, and the class with the most votes is selected (Liszka,1999).
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Locally Weighted Learning

Locally weighted learning (LWL) selects a subset of the training instances, where each instance
is weighted according to the unlabeled instance.

A k nearest neighbour algorithm is applied to select the subset of instances, and the weight is

calculated by a weighting function taking the euclidean distance as input.

2.2.1.1.3. Functions
These algorithms have mathematical or statistical foundations and create models that can be
represented mathematically through functions. They are a mix of regression and classification
algorithms (Stig-Erland, 2007).
Linear Regression
Linear regression (LinReg) is a standard linear regression algorithm that expresses the numerical
class as a linear combination of the attributes. The coefficients of these attributes are calculated
using the least-square method (Stig-Erland, 2007).
Logistic
Logistic builds logistic regression models and is implemented according to with some
modifications. These models have similar properties to linear regression models, but the target
attribute is transformed using the logit function and the weights are found by maximizing the
log-likelihood instead of minimizing the sum of squared errors (Wang, 1993).
Simple Logistic
Simple Logistic (SLogistic) also builds logistic regression models, but it uses another strategy
than Logistic involving LogitBoost and a base learner constructing simple regression models
containing only the attribute yielding the minimum squared error. The number of boosting
iterations used is determined by cross-validation (Witten, 2005).
Multilayer Perceptron
Multilayer Perceptron (MP) is a neural network algorithm that optimizes the weights of neural
network using back propagation. The input layer comprises a bias node in addition to a node for
each attribute after the nominal attributes have been converted to binary attributes. The hidden
layer also contains a bias node in addition to n nodes determined by the following expression

1+ o

L, equation 4
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where i and o is the number of nodes in the input and output layer. The output layer is composed
of a node for each class (Stig-Erland, 2007). The activation function for the nodes in the hidden
and output layer is the sigmoid function.

RBF Network

RBF Network (RBFN) trains a radial basis function network, which is a type neural network.
The network has three layers: an input layer with a node for each attribute; a hidden layer where
each node has a Gaussian radial basis function as activation function, created using a clustering
method called KMeans (Martin, 1995); and an output layer containing a node for each class with
sigmoid as activation function.

SMO

SMO, proposed by John Platt, is a sequential minimum optimization algorithm for training
support vector machines (SVM). The algorithm finds the maximum margin hyperplane
represented as a set of vectors known as support vectors. In order to solve non-linear problems
with this linear classifier, the instance space is transformed using a non-linear kernel function.

We chose to use the default polynomial kernel (Stig-Erland, 2007).

Support Vector Machines

Support Vector Machines (SVM) is a technique introduced by Vapnik in 1995, which is based on
the Structural Risk Minimization principle. It is designed for solving two-class pattern
recognition problems. The problem is to find the decision surface that separates the positive and

negative training examples of a category with maximum margin.

For the linearly separable case, the decision surface is a hyperplane that can be written as (Yang,
1999):

W*d+b=0 ... equation 5

where d is a document to be classified, and vector w and constant b are learned from the training

set. The SVM problem is to find w and b that satisfy the following constraints (Joachims, 1998):
Minimize |jw]f?

sothat Vi:yilw*d+b)>1..................... equation 6
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Here, i € {1, 2 ...N}, where N is the number of documents in the training set; and y; equals +1 if

document di is a positive example for the category being considered and equals -1 otherwise.

Most of the classifiers implicitly or explicitly require the data to be represented as a vector in a
suitable vector space, and are not directly applicable to nominal and ordinal features (Tan, 2005).
Also, most discriminative classifiers have been developed for only two classes. Multiclass
classifiers are realized by combining multiple binary (2-class) classifiers, or using coding
methods (Cohen, 1996).

Voted Perceptron

Voted perceptron (VP) (Freund, 1998) transforms the input space using a polynomial kernel as
SMO, but it uses the perceptron (Rosenblatt, 1988) algorithm to train the classifier.

During training, it stores all the intermediate prediction vectors, namely the coefficients of the
attributes, along with a weight of how many iterations they persisted without change. When
classifying, each prediction vector votes on a class according to its weight, and the majority vote

determines the predicted class.

22.1.14. Trees

These algorithms induce decision trees as classifiers, which basically contains two types of
nodes: decision nodes and leaf nodes. Decision nodes are internal nodes containing a test on a
specific attribute that determines which of the underlying branches an unlabeled instance should
follow. Traversal continues from the root until a leaf node is encountered, and the leaf node
predicts the class of the instance by utilizing a prediction function.

Decision trees is one of the earliest classifier (Sahami, 1998), that can handle handle a variety of
data with a mix of both real, nominal, missing features and multiple classes. It also provides
interpretable classifiers, which give a user an insight about which features are contributing for a
particular class being predicted for a given input example. Decision trees could produce complex
decision rules, and are sensitive to noise in the data. Their complexity can be controlled by using
approaches like pruning; however, in practice classifiers like SVM or Nearest Neighbor have

been shown to outperform decision trees on vector data.

Decision tree learning is composed of building and pruning. A decision tree is typically built by

recursively selecting the most promising attribute and splitting the training set accordingly until
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all instances belong to the same class or all attributes have already been used. The most
promising attribute is determined by the attribute maximizing the splitting criterion.

The role of pruning is to simplify the decision tree either during or after building(Stig-Erland,
2007).

ID3

ID3 is one of the first decision tree learners proposed, and it employs information gain as
splitting criterion. Since it does not support continuous or missing attribute values, it can only
solve a limited set of problems (Quinlan, 1986).

J4.8

J4.8 is an implementation of Quinlan’s popular C4.5 (Quinlan, 1993) decision tree learner and it
improves upon 1D3 in several areas. First, it replaces the information gain splitting criterion with
gain ratio since information gain favors attributes with many values. Second, it supports both
continuous and missing values, and it performs pruning using error based pruning (EBP).
REPTree

REPTree is a fast decision tree learner. it uses information gain instead of gain ratio and reduce
error pruning instead of EBP.

NBTree

NBTree is a hybrid algorithm that creates decision trees with Naive Bayes classifiers at the
leaves learned from the training instances reaching the node. It follows the standard decision tree
learning algorithm and uses the mean accuracy of creating a Naive Bayes classifier at a given
node according to 10-fold cross-validation as splitting criterion(Kohavi, 1996).

Logistic Model Trees

Logistic Model Trees (LMT) (Landwehr, 2005) builds decision trees with logistic regression
models at the leaves, which are iteratively created using Simple Logistic. The trees are built
similarly to C4.5 by selecting attributes according to the gain ratio splitting criterion until there
are no more attributes, all the instances have the same class or there are less than 16 instances.
Pruning is performed using the pruning algorithm employed by the decision tree learner, CART
(Breiman, 1984).

M5’

M5’ (E. Frank, 1998) is a reconstruction of Quinlan’s M5 (Quinlan, 1992) that creates decision
trees with linear regression models at the leaves. It chooses the attribute at each decision node
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that maximizes the standard deviation reduction of the class of the training instances reaching the
node. When the tree is built, it traverses upwards from the leaves, while adding linear regression
models at the nodes and possibly removing nodes if necessary. The predicted class value of an
unlabeled instance is determined based on the output of all the linear regression models
encountered when traversing the tree.

Decision Stump

Decision Stump (DS) induces simple decision trees, known as decision stumps, with only a
single decision node. This node has a boolean test, which for a nominal attribute tests whether
the attribute is equal to a specific value and for a continuous attribute tests whether the attribute
is less or equal to a threshold. This algorithm is normally executed through ensemble algorithms
like bagging and boosting (Stig-Erland, 2007).

Random Forest

Random Forest (RF) (Breiman, 2001) uses bagging in combination with a random tree inducer.
The random tree inducer builds a tree by choosing at a given node the best attribute among a set
of randomly selected attributes.

ADTree

ADTree (Freund, 1999) creates what is known as an alternative decision tree by using boosting
to add the different branches. An alternative decision tree is simply a set of interconnected
decision stumps with numerical leaves, where each leaf may be connected to a set of other
stumps.

The tree is used to classify unlabeled instances with binary classes by summing all the numerical
nodes encountered while following the different paths of the tree applicable for the instances.

The sign of this value determines the predicted class.

2.2.1.1.5. Rules

This group contains algorithms that create classifiers which are rule sets. Rule sets are intuitive
and easier for humans to interpret than other classifiers like decision trees.

JRip

JRIP is an implementation of RIPPER (Cohen, 1995) with some minor modifications added to
fix what appear to be two bugs in the original algorithm. It induces each rule of the final rule set
in two steps. Firstly, the rule is grown by continually adding antecedents until it matches only
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training instances with a specific class. Secondly, the rule is iteratively pruned by processing the
antecedents in reverse order.

OneR

OneR is a simple algorithm that creates a rule set for each attribute and chooses the rule set with
the lowest error rate on the training data. Each rule set comprises a rule for each value of a
particular attribute that predicts the majority class of the training instances matching the
rule(Stig-Erland, 2007).

ZeroR

ZeroR is the simplest of all classification algorithms, and it only predicts the majority class of the
training set. This algorithm provides an upper bound of the error rate that all other classification
algorithms should be smaller than (Stig-Erland, 2007).

DecisionTable

DecisionTable (DT) (Kohavi, 1995) constructs a decision table classifier, which simply a table is
containing the training instances with only a subset of their attributes included. The optimal
subset of the attributes is found using best-first search combined with cross-validation where the
DecisionTable algorithm is executed for different subsets. An unlabeled instance is classified as
the majority class of the matching instances in the table, but if there are no matching instances,

the majority class of all training instances is predicted instead.
PART

PART (Frank, 1998) creates a rule set by repeatably creating pruned decision trees using J4.8,
converting them to rules and removing the training instances matching the rule until all training

instances are covered by at least one rule.

Each rule is created according to the path from the root of the decision tree to leaf covering the
most training instances. In order to preserve computational resources, only partial decision trees

are constructed where branches are expanded as needed.
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M5Rules

M5Rules (Holmes, 1999) builds regression rules using the same algorithm as Part except it

generates trees using M5’ instead of J4.8.
Ridor

Ridor is a Rlpple DOwn Rule learner that first creates a default rule predicting the majority class
of the training instances and then recursively adds exceptions to this rule until all training
instances are classified correctly according to the rule set. A separate validation set is utilized to
find the most accurate exception at each step (Stig-Erland, 2007).

NNge

NNge is a nearest neighbour algorithm forming non-nested general exemplars. A general
exemplar is a hyper-rectangle that encompasses a set of training instances sharing the same class.
In this way, each general exemplar is like a rule, and the nearest exemplar determines the class of
an unlabeled instance(Stig-Erland, 2007).

2.2.1.1.6. Misc
This group contains the algorithms that do not fit naturally into any of the other groups.

HyperPipes

HyperPipes (HP) is a simple and extremely fast classification algorithm that constructs a set of
attribute ranges for each class. For nominal attributes, the range is the set of values observed for
a particular attribute of the training instances matching a specific class. The range is found
similarly for continuous attributes except the range is not a subset, but an interval ranging from
the minimum to the maximum observed attribute value. Classification is performed by selecting

the class with the most matching attribute ranges (Stig-Erland, 2007).
VFI

VFI (G. Demiroz , 1997) constructs a set of intervals for each attribute similarly to Hyper- Pipes,
but these intervals are not bound to a specific class. Thus, each interval contains a class count for

each class according to the training instances that fall into it. Continuous attributes are basically
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discretised into a set of intervals, and an interval for nominal attributes is defined as a single
attribute value. An unlabeled instance is classified using the majority vote, where each matching

attribute interval is allowed to vote.

2.2.1.1.7. Ensemble

Ensemble classifiers are meta-classification algorithms that combine multiple component
classifiers (called base classifiers) to obtain a meta-classifier with the hope that they will perform
better than any of the individual component classifiers. Bagging (Breiman, 1996) and Boosting
(Freund, 1996) are the two most popular methods in this class. Bagging is a short form for
bootstrap aggregation, which trains multiple instances of a classifier on different subsamples
(bootstrap samples) of the training data. The decision on an unseen test example is taken by a
majority vote among the base classifiers. Boosting, on the other hand, samples training data more
intelligently by sampling examples that are difficult for the existing ensemble to classify with a
higher preference.

Ensemble algorithms use a base learning algorithm to create an ensemble of classifiers and
combine these classifiers to reach a prediction. These algorithms differ in how the base learning
algorithm is applied and how they combine the classifiers. The first two algorithms enhance the
abilities of the base learner, making it possible to solve previously unsupported problems, while

the last two enhance the performance of the base learning algorithm(Stig-Erland, 2007).
ClassificationViaRegression

ClassificationViaRegression allows a regression algorithm to solve classification problems. It
creates a data set for each class using a 1-against-all encoding where the class is 1 if it is equal to
the current class and 0 otherwise. A regression model is created for each class based on these
data sets, and classification is performed by predicting the class belonging to the model yielding
the greatest value (Stig-Erland, 2007).

MultiClassClassifier

MultiClassClassifier makes it possible to solve multi-class problems with algorithms that only
support binary classes. This is possible through several methods, but we chose the default 1-

against-all method explained in the previous section.
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Bagging

Bagging (Breiman, 1996) creates an ensemble of classifiers in order to increase the accuracy by
stabilizing the base learning algorithm, or in other words decrease its variance. This is done by
generating a set of “new” training sets using bootstrapping and applying the base learning

algorithm on these data sets.

Prediction is determined by the majority vote of the ensemble. The success of bagging depends
heavily on the properties of the base learning algorithm. It should be unstable, meaning that it is

sensitive to small changes in the training set, so that its variance can be decreased.
AdaBoost.M1

AdaBoost.M1 (Freund, 1996) is a boosting algorithm that builds an ensemble of classifiers by
forcing the base learning algorithm to focus on the instances that the previous classifiers had
problems classifying correctly. This is done by accompanying every training instance with a
weight representing the severity of misclassification such that the error rate is calculated as the

sum of the weights of the misclassified instances divided by the sum of all the weights.

Initially, each instance has equal weights, but after a new classifier is induced, the weights are

updated so that misclassified instances increase in weight while the other instances decrease.

K -Nearest Neighbor Classification
K-NN (k-nearest neighbor) classification is a popular instance-based learning method (Mitchell)

that has been shown to be a strong performer in the task of text categorization (Yang, 1999).

The algorithm works as follows: First, given a test document x, the k nearest neighbors among
the training documents are found. The category labels of these neighbors are used to estimate the
category of the test document. In the traditional approach, the most common category label

among the k-nearest neighbors is assigned to the test document.

Weighted k-NN is a refinement to the traditional approach. In weighted k-NN, the contribution
of each of the k nearest neighbors is weighted according to its similarity to the test document x.

Then, for each category, the similarities of the neighbors belonging to that category are summed
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to obtain the score of the category for x. That is, the score of category cj for the test document x
is(Arzucan, 2002)

score{c;,x) = > cos(x,d;) - y(di, c;)

GENGD equation 7
where di is a training document; N(x) is the set of the k training documents nearest to x; cos(x;
di) is the cosine similarity between the test document x and the training document di; and y(di;
cj) is a function whose value is 1 if di belongs to category cj and 0 otherwise. The test document

X is assigned to the category with the highest score.

2.2.2.  Unsupervised learning

Unsupervised learning or clustering is a significantly more difficult problem than classification
because of the absence of labels on the training data. Given a set of objects, or a set of pair wise
similarities between the objects, the goal of clustering is to find natural groupings (clusters) in
the data. The mathematical definition of what is considered a natural grouping defines the
clustering algorithm. A very large number of clustering algorithms have already been published,
and new ones continue to appear (Jain, 1999). There are different clustering algorithms and the

following are a few representative.

Parametric mixture models are well known in statistics and machine learning communities
(McLachlan, 1987). A mixture of parametric distributions, in particular, GMM (McLachlan,
2000) has been extensively used for clustering. GMMs are limited by the assumption that each
component is homogeneous, unimodal, and generated using a Gaussian density. Latent Dirichlet
Allocation ( Blei, 2003) is a multinomial mixture model that has become the de facto standard

for text clustering.

Several mixture models have been extended to their non-parametric form by taking the number
of components to infinity in the limit (Teh, 2006). A non-parametric prior is used in the
generative process of these infinite models (e.g. Dirichlet Process) for clustering in (Teh, 2006).
One of the key advantages offered by the non-parametric prior based approaches is that they
adjust their complexity to fit the data by choosing the appropriate number of parametric
components. Hierarchical Topic Models (Blei, 2004) are clustering approaches that have seen

huge success in clustering text data.
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Kernel K-means is a related kernel based algorithm, which generalizes the Euclidean distance
based K-means to arbitrary metrics in the feature space. Using the kernel trick, the data is first
mapped into a higher dimensional space using a possibly non-linear map, and a K-means

clustering is performed in the higher dimensional space.
Non-parametric density based methods are popular in the data mining community.

Mean-shift clustering (Comaniciu, 2002) is a widely used non-parametric density based
clustering algorithm. The objective of Mean-shift is to identify the modes in the kernel-density,
seeking the nearest mode for each point in the input space. Several density based methods like
DBSCAN also rely on empirical probability estimates, but their performance degrades heavily
when the data is high dimensional. A recent segmentation algorithm (Andreetto, 2007) uses a
hybrid mixture model, where each mixture component is a convex combination of a parametric

and non-parametric density estimates.

Hierarchical clustering algorithms are popular non-parametric algorithms that iteratively build a
cluster tree from a given pairwise similarity matrix. Agglomerative algorithms such as Single
Link, Complete Link, Average Link (Jain 1988), Bayesian Hierarchical Clustering (Heller,
2005), start with each data point in a single cluster, and merge them successively into larger
clusters based on different similarity criteria at each iteration. Divisive algorithms start with a

single cluster, and successively divide the clusters at each iteration.

2.2.2.1.  Unsupervised Techniques for Document Clustering
In unsupervised clustering, we have unlabelled collection of documents. The aim is to cluster the
documents without additional knowledge or intervention such that documents within a cluster are
more similar than documents between clusters. Traditional clustering techniques can be

categorized into two major groups as partitional and hierarchical.
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Partitional Clustering Techniques

Partitional algorithms produce un-nested, non-overlapping partitions of documents that usually
locally optimize a clustering criterion. The general methodology is as follows: given the number
of clusters k, an initial partition is constructed; next the clustering solution is refined iteratively

by moving documents from one cluster to another.

The following sub-sections discusses the most popular partitional algorithm k-means, and its
variant bisecting k-means which has been applied to cluster documents by Steinbach et al.
(Steinbach, 1999) and has been shown to generally outperform agglomerative hierarchical

algorithms.
Expectation maximization

The theoretical basis for expectation-maximization shows that with sufficiently large amounts of
unlabeled data generated by the model class in question, a more probable model can be found
than if using just the labeled data alone. If the classification task is to predict the latent variable
of the generative model, then with sufficient data a more probable model will also result in a
more accurate classifier. Here, expectation-maximization finds more likely models and improved
classification accuracy. Expectation-maximization (EM) is used to fit the mixture model to the
negative examples(Olivier, 2006).

It uses the k-medoids which is similar to K-means except it takes one member of the cluster as a
centriod. It uses real contexts word from the dataset as a basis for clustering. K-mean takes the

round space (not a member) to make centriod

K-Means Clustering

The idea behind the k-means algorithm, discussed by Hartigan (Hartigan, 1975), is that each of k
clusters can be represented by the mean of the documents assigned to that cluster, which is called

the centroid of that cluster.

K-means (Cohen, 1996), (Yang, 1999), arguably, is the most popular and widely used clustering
algorithm. K-means is an example of a sum of squared error (SSE) minimization algorithm. Each
cluster is represented by its centroid. The goal of K-means is to find the centroids and the cluster

labels for the data points such that the sum-of-squared error between each data point and its
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closest centroid is minimized. K-means is initialized with a set of random cluster centers, that are
iteratively updated by assigning the closest data point to each center, and recomputing the
centroids. ISODATA (Hartigan, J., 1975) and Linear Vector Quantization (Berkhin, 2002) are
closely related SSE minimization algorithms that are independently proposed in different

disciplines.

It is discussed by Berkhin (Berkhin, 2002) that there are two versions of k-means algorithm
known. The first version is the batch version and is also known as Forgy’s algorithm (Forgy,

1965). It consists of the following two-step major iterations:

(1) Reassign all the documents to their nearest centroids

(2) Recompute centroids of newly assembled groups

Before the iterations start, firstly k documents are selected as the initial centroids.
Iterations continue until a stopping criterion such as no reassignments occur is achieved.

Initially, k documents from the corpus are selected randomly as the initial centroids. Then,
iteratively documents are assigned to their nearest centroid and centroids are updated
incrementally, i.e., after each assignment of a document to its nearest centroid. Iterations stop,

when no reassignments of documents occur.

The centroid vector ¢ of cluster C of documents is define as follows(Arzucan, 2002):

_ ZdEOd
]

................................. equation 8
So, c is obtained by averaging the weights of the terms of the documents in C. Analogously, the

similarity between a document d and a centroid vector ¢ by cosine similarity measure defined as
(Arzucan, 2002)

dec

sl ) = |

el equation 9
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Note that although documents are of unit length, centroid vectors are not necessarily of unit

length.

Bisecting K-Means

Although bisecting k-means is actually a divisive clustering algorithm that achieves a hierarchy
of clusters by repeatedly applying the basic k-means algorithm, the researcher discuss it in this

section as it is a variant of k-means.

In each step of bisecting k-means a cluster is selected to be split and it is split into two by
applying basic k-means for k = 2. The largest cluster, that is the cluster containing the maximum

number of documents, or the cluster with the least overall similarity can be chosen to be split.

Hierarchical Clustering Techniques
Hierarchical clustering algorithms produce a cluster hierarchy named a dendrogram (Berkhin,
2002). These algorithms can be categorized as divisive (top-down) and agglomerative (bottom-

up) (Jain, 1999) (Berkhin, 2002). We discuss these approaches in the following sub-sections.

Divisive Hierarchical Clustering

Divisive algorithms start with one cluster of all documents and at each iteration split the most

appropriate cluster until a stopping criterion such as a requested number k of clusters is achieved.

A method to implement a divisive hierarchical algorithm is described by Kaufman and
Rousseeuw. In this technique in each step the cluster with the largest diameter is split, i.e. the
cluster containing the most distant pair of documents. As we use document similarity instead of
distance as a proximity measure, the cluster to be split is the one containing the least similar pair
of documents. Within this cluster the document with the least average similarity to the other
documents is removed to form a new singleton cluster. The algorithm proceeds by iteratively
assigning the documents in the cluster being split to the new cluster if they have greater average

similarity to the documents in the new cluster (Kang, 2003).

Agglomerative Hierarchical Clustering
Agglomerative clustering algorithms start with each document in a separate cluster and at each

iteration merge the most similar clusters until the stopping criterion is met. They are mainly
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categorized as single-link, complete-link and average-link depending on the method they define

inter-cluster similarity.

Single-link The single-link method defines the similarity of two clusters C; and C; as the

similarity of the two most similar documents d; € C; and d; € C; (Arzucan, 2002):

stmilaritYsmgie—imk(Cy, Cy) = qmax |cos(d;, dj) |
iciadjcig

Complete-link The complete-link method defines the similarity of two clusters

Ci and Cj as the similarity of the two least similar documents d; € C; and d; € C; (Arzucan,
2002):

similaritycompiete—tink{Cs, C5) = d-eg-lidl-leo- |cos(d, dj}|
i 2 dj

........................ equation 10
Average-link The average-link method defines the similarity of two clusters

Ci and C; as the average of the pairwise similarities of the documents from each cluster (Arzucan,
2002):

cosdieo; |cos(di, dj
stmilarityuerage—1imk(Cs, C5) = ZdleO%dJEC’y| (ds, dj))|

ity equation 11

where n; and n;are sizes of clusters C; and C; respectively.

2.2.3.  Semi-supervised learning

Semi-supervised learning algorithms can be broadly classified based on the role the available

side information plays in providing the solution to supervised or unsupervised learning.

2.2.3.1. Semi-supervised classification

While semi-supervised classification is a relatively new research area, the idea of using
unlabeled samples to augment labeled examples for prediction was conceived several decades

ago.

The initial work in semi-supervised learning is attributed to Scudders for his work on

“selflearning”. An earlier work by Robbins and Monro on sequential learning can also be viewed
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as related to semi-supervised learning. Vapnik’s Overall Risk Minimization (ORM) principle
advocates minimizing the risk over the labeled training data as well as the unlabelled data, as
opposed to the Empirical Risk Minimization, and resulted in transductive Support Vector
Machines (Pavan, 2010).

Given a set of labeled data, a decision boundary may be learned using any of the supervised
learning methods. When a large number of unlabeled data is provided in addition to the labeled
data, the true structure of each class is revealed through the distribution of the unlabeled data.
The unlabeled data defines a “natural region” for each class, and the region is labeled by the
labeled data. The task now is no longer just limited to separating the labeled data, but to separate
the regions to which the labeled data belong. The definition of this “region” constitutes some of

the fundamental assumptions in semi-supervised learning (Kang 2003).

Existing semi-supervised classification algorithms may be classified into two categories based on
their underlying assumptions. An algorithm is said to satisfy the manifold assumption if it
utilizes the fact that the data lie on a low-dimensional manifold in the input space. Usually, the
underlying geometry of the data is captured by representing the data as a graph, with samples as
the vertices, and the pairwise similarities between the samples as edge-weights. Several graph
based algorithms such as Label propagation, Markov random walks, Graph cut algorithms,
Spectral graph transducer, and Low density separation are based on this assumption. The second
assumption is called the cluster assumption. It states that the data samples with high similarity
between them, must share the same label. This may be equivalently expressed as a condition that
the decision boundary between the classes must pass through low density regions. This
assumption allows the unlabeled data to regularize the decision boundary, which in turn
influences the choice of the classification models. Many successful semi-supervised algorithms
like TSVM and Semi-supervised SVM follow this approach (Pavan, 2010). These algorithms

assume a model for the decision boundary, resulting in an inductive classifier.
Bootstrapping Classifiers from Unlabeled data

One of the first uses of unlabeled data was to bootstrap an existing supervised learner using
unlabeled data iteratively. The unlabeled data is labeled using a supervised learner trained on the

labeled data, and the training set is augmented by the most confident labeled samples.
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This process is repeated until all the unlabeled data have been processed. This is popularly
known as “Self-training”, which was first proposed by Scudders (Scudder, 1965). Yarowsky
(Yarowsky, 1995) applied self-learning to the “word sense” disambiguation problem. Rosenberg
et al. (Rosenberg, 2005) applied self-training for object detection.

Several classifiers proposed later follow the bootstrapping architecture similar to that of self-
training, but with a more robust and well-guided selection procedure for the unlabeled samples
for inclusion in the training data. Semi-supervised generative models using EM (Dempster,
1977), for instance, the Semi-supervised Naive Bayes (Nigam, 2000), is a “soft” version of self-
training. Many ensemble classification methods, in particular, those following the semi-
supervised boosting approach (Bennet, 2002), (Mallapragada, 2009) use specific selection
procedures for the unlabeled data, and use a weighted combination of classifiers instead of

choosing the final classifier.
Margin based classifiers

The success of margin based methods in supervised classification motivated a significant amount
of research in their extension to semi-supervised learning. The key idea of margin based semi-
supervised classifiers is to model the change in the definition of margin in the presence of
unlabeled data. Margin based classifiers are usually extensions of Support Vector Machines
(SVM). An SVM minimizes the empirical error on the training set, along with a regularization

term that attempts to select the classifier with maximum margin.
Vapnik (Yang, 1999) first formulated this problem and proposed a branch and bound algorithm.

A Mixed Integer Programming based solution is presented in (Mallapragada, 2009), which is
called Semi-supervised SVM or S*VM. Fung and Mangasarian (Pavan, 2010) proposed a
successive linear approximation to the min (.) function in the loss function, and proposed
VS®*VM. None of these methods are applicable to real datasets (even small size datasets) owing

to their high computational complexity.

Transductive SVM (TSVM) is one of the early attempts to develop a practically usable algorithm
for semi-supervised SVM. TSVM provides an approximate solution to the combinatorial
optimization problem of semi-supervised SVM by first labeling the unlabeled data with an SVM

34



trained on the labeled data, followed by switching the individual labels of unlabeled data such
that the objective function is minimized. Gradient descent was used in (Pavan, 2010) to minimize
the same objective function, while defining an appropriate subgradient for the min(.) function.
This approach was called V TSVM, and its performance is shown to be comparable to that of the

other optimization schemes discussed above.
Graph Connectivity

Graph theory has been known to be powerful tool for modeling unsupervised learning
(clustering) problems since its inception to relatively recent Normalized Cuts and Spectral
clustering (Ng, 2002), and shown to perform well in practice (Brandes, 2003). Graph based
methods represent the data as a weighted graph, where the nodes in the graph represent the data
points, and the edge weights represent the similarity between the corresponding pair of data
points. The success of graph based algorithms in unsupervised learning motivates its use in semi-

supervised learning (SSL) problems.

The edge weight between a pair of samples is set to o if they share the same label, to ensure that
they remain in the same partition after partitioning the graph. Szummer and Jakkola (Szummer ,
2001) and Zhu and Ghaharamani (Zhu, 2002) model the graph as a discrete Markov random
field, where the normalized weight of each edge represents the probability of a label (state)
jumping from one data point to the other. The solution is modeled as the probability of a label
(from a labeled data point) reaching an unlabeled data point in a finite number of steps. Zhu et
al., (Zhu, 2003) relax the Markov random field with a discrete state space (labels) to a Gaussian
random field with continuous state space, thereby achieving an approximate solution with lower

computational requirements.

Most graph based semi-supervised learning methods are non-parametric and transductive in

nature, and can be shown as solutions to the discrete Green’s function, defined using the discrete

Graph Laplacian (Yang, 1999).

2.2.3.2. Semi-supervised clustering
Clustering aims to identify groups of data such that the points within each group are more similar
to each other than the points between different groups. Clustering problem is ill-posed, and hence

multiple solutions exist that can be considered equally valid and acceptable. Semi-supervised
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clustering utilizes any additional information, called side information, which is available to
disambiguate between the solutions. The side information is usually present in the form of
instance level pairwise constraints (Wagstaff , 2000). Pair wise constraints are of two types —
must-link constraints and cannot-link constraints. Given a pair of points, must link constraints
require the clustering algorithm to assign the same label to the points. On the other hand, cannot-

link constraints require the clustering algorithm to assign different labels to the points.
Penalizing Constraints

One of the earliest constrained clustering algorithms was developed by Wagstaff and Cardie
(Wagstaff, 2000), (Wagstaff, 2001), called the COP K-means algorithm. The cluster assignment
step of Kmeans algorithm was modified with an additional check for constraint violations.
However, when constraints are noisy or inconsistent, it is possible that there are some points that
are not assigned to any cluster. This was mitigated in an approach by Basu et. al. (Basu, 2004)
which penalizes constraint violations instead of imposing them in a hard manner. A constrained
clustering problem is modeled using a Hidden Markov Random Field (HMRF) which is defined
over the data and the labels, with labels as the hidden states that generate the data points. The
constraints are imposed on the values of the hidden states. Inference is carried out by an
algorithm similar to that of K-means which penalizes the constraint violations.

Generative models are very popular in clustering. Gaussian mixture model (GMM) is one of the
well-known models used for clustering (Dempster, 1977), (Figueiredo, 2002). Shental et al.
(Shental, 2004) incorporated pairwise constraints into the GMMs. To achieve this, groups of
points connected by must-link constraints are defined as chunklets and each chunklet is treated as
a single point for clustering purposes. Zhao and Miller (Zhao, 2005) proposed an extension to
GMM which penalizes constraint violations. A method to automatically estimate the number of
clusters in the data using the constraint information was proposed. Lu and Leen (Lu, 2005)

incorporate the constraints into the prior over all possible clustering.

In many approaches that enforce constraints in a hard manner (including those that penalize
them), non-smooth solutions are obtained. A solution is called non-smooth when a data point
takes a cluster label that is different from all of its surrounding neighbors. As noted in (Law,
2005), it is possible that the hypothesis that fits the constraints well may not fit the data well.
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Therefore, a tradeoff between satisfying the constraints and fit to the data is required. Lange et
al. (Lange, 2005) alleviate this problem by involving all the data points into a constraint through

a smooth label.
Adapting the Similarity

Several semi-supervised clustering methods operate by directly modifying the entries of the pair-
wise similarity matrix that are involved in constraints. All these algorithms reduce the distance
between data points connected by must-link constraints and increase the distance between those
connected by must-not link by a small value. Spectral Learning algorithm by Kamvar et al.
(Kamvar, 2003) modifies the normalized affinity matrix by replacing the values corresponding to
must-link constraints by 1 and must-not link constraints by 0. The specific normalization they
use ensures that the resulting matrix is positive definite. The remaining steps of the algorithm are
the same as the Spectral clustering algorithm by Ng et al. (Ng, 2002). Klien et. al. (Klien, 2002)
modified the dissimilarity metric by replacing the entries participating in must-link constraints
with 0 and replaced the entries participating in cannot-link constraints by maximum pairwise
distance incremented by 1. This is followed by a complete link clustering on the modified
similarity matrix. Kulis et al. (Kulis, 2007) propose a generalization of Spectral Learning via
semi-supervised extensions to the popular normalized cut (Shi, 2000), ratio cut and ratio
association (Hagen,1992). To ensure positive definiteness of the similarity matrix, they simply

add an arbitrary positive quantity to the diagonal.

The specific values of increments had chosen in the above algorithms impacts the performance
of the clustering algorithm. In order to apply spectral algorithms, we need the pairwise similarity
matrix to be positive semi-definite. Arbitrary changes (especially decrements) to the similarity
matrix may not retain its positive semi-definiteness. Some methods avoid using spectral
algorithms, while some update the similarity matrix carefully to retain the essential properties.
The similarity adaptation methods are adhoc in nature, and are superseded by the similarity

learning approaches presented in the next section.
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Learning the Similarity

The performance of a clustering algorithm depends primarily on the similarity metric defined
between the samples. It is usually difficult to design a similarity metric that suits all the
clustering scenarios. For this reason, attempts have been made to directly learn the similarity
metric from the data using the side information. Similarity metric learning is not a new problem,
and has been considered before in both unsupervised dimensionality reduction methods (LLE
(Roweis , 2000), ISOMAP (Silva, 2003) and supervised methods like Fisher Linear Discriminate
(Cohen, 1996), Large Margin Distance Metric Learning (Weinberger,2006) and Neighborhood
Component Analysis (Goldberger, 2005). Only those methods that learn the distance metric in a

semi-supervised setting, i.e., using pairwise constraints and unlabeled data are reviewed here.

Once a similarity metric is learned, standard classification algorithms may later be applied with
the learned similarity metric. The distance metric learning problem can be posed in its generality
as follows: learn a function f : X xX — R such that the distance between points linked by must-
link constraints is smaller than that between the points linked by must-not link constraints
overall. The distance function is usually parametrized in its quadratic form, i.e fA(xi, Xj) = xTi

AXj , where A is the unknown parameter to be estimated from the constraints.

Xing et al. (kang, 2003) formulated distance metric learning as a constrained optimization
problem, where A is estimated such that the sum of distances between points connected by must-
link constraints is minimized, while constraining the sum of distances between points connected
by must-not link to be greater than a fixed constant. Bar-Hillel et al. (Bar-Hillel, 2005) proposed
Relevant Component Analysis (RCA), which estimates a global transformation of the feature
space by reducing the weights of irrelevant features such that the groups of data points linked by
must-link constraints (called chunklets) are closer to each other. A modified version of the
constrained K-means algorithm that learns a parametrized distance function is presented in
(Bilenko, 2004).

Yang et al. (Yang, 2006) learn a local distance metric by using an alternating optimization

scheme that iteratively selects the local constraints, and fits the distance metric to the constraints.

They parametrize the kernel similarity matrix in terms of the eigenvalues of the top few
eigenvectors of the pairwise similarity matrix computed using the RBF kernel. Hoi et al. (Hoi,
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2007) present a non-parametric distance metric learning algorithm that addresses the limitations
of quadratic distance functions used by almost all the other approaches. Lee et al. (Lee, Jin,
2008) proposed an efficient distance metric learning algorithm and applied it to a content based

image retrieval task showing significant performance gains.

There has been a recent surge in the interest in online learning algorithms due to the large
volume of datasets that need to be processed. Shalev-shwartz et al. (Shalev-Shwartz, 2004)
present an online distance metric learning algorithm called POLA, that learns a quadratic
distance function (parametrized by the covariance matrix) from pairwise constraints. A batch
version of the algorithm is obtained by multiple epochs of the online algorithm on the training
data. Davis et al. (Davis, 2007) present online and batch versions of an algorithm that searches
for the parameterized covariance matrix A that satisfes the constraints maximally. Additionally, a
log-determinant regularizer is added to prevent A from moving too far away from the initial
similarity metric AO.

2.3. Document Preprocessing and Representation

In order to cluster or classify text documents by applying machine learning techniques,
documents should first be preprocessed. In the preprocessing step, the documents should be
transformed into a representation suitable for applying the learning algorithms. The most widely
used method for document representation is the vector space model introduced by Salton et. al.
In this model, each document is represented as a vector d. Each dimension in the vector d stands

for a distinct term in the term space of the document collection (Arzucan, 2002).

A term in the document collection can stand for a distinct single-word, a stemmed word or a
phrase. Phrases consist of multiple words such as ‘“data mining” or “mobile phone” and
constitute a different context than when used separately. Phrases can be extracted by using
statistical or Natural Language Processing (NLP) techniques. By statistical methods phrases can
be extracted by considering the frequently appearing sequences of words in the document
collection (Cohen, 1996). A research on extracting phrases by using NLP techniques for text
categorization is discussed by Fuernkranz et al. (Fuernkranz, 1998).

In vector space representation, defining terms as distinct single words is referred to as “bag of

words” representation. Some researchers state that using phrases rather than single words to
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define terms produce more accurate classification results (Cohen, 1996); whereas others argue
that using single words as terms does not produce worse results (Dumais, 1998)( Sahami, M.,
1998). As “bag of words” representation is the most frequently used method for defining terms

and it is computationally more efficient than the phrase representation.

One challenge emerging when terms are defined as single words is that the feature space
becomes very high dimensional. In addition, words which are in the same context such as
biology and biologist are defined as different terms. So, in order to define words that are in the
same context with the same term and consequently to reduce dimensionality the researcher have
decided to define the terms as stemmed words. To stem the words, the researcher has chosen to
use Porter’s Stemming Algorithm (Porter, 1980), which is the most commonly used algorithm

for word stemming in English.

Preprocessing and document representation phase, which is implemented in python, consists of

the following steps:

e Tokenization

e Removing stop words

e Stemming

e Term weighting

e Dimensionality reduction

These steps will be described briefly in the following sections.

Tokenization

Tokenization is the process of breaking down of documents into individual tokens.

In the tokenization process irrelevant and noisy features for the classification process such as
punctuation marks and any irrelevant characters removed from documents in the collection. This
is because these features are not relevant to represent the content of documents and they have no

contribution in discriminating one document or category from the other. (Arzucan, 2002).
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Removing Stop words

There are words, such as pronouns, prepositions and conjunctions that are used to provide
structure in the language rather than content. These words, which are encountered very
frequently and carry no useful information about the content and thus the category of documents,
are called stopwords. Removing stopwords from the documents is very common in information
retrieval. In this paper stope words are eliminated from the documents, which will lead to a

drastic reduction in the dimensionality of the feature space(Arzucan, 2002).

Stemming

In order to define words that are in the same context with the same term and consequently to
reduce dimensionality. Porter’s stemming Algorithm which is the most commonly used
algorithm for word stemming in English. For instance, we reduce the similar terms computer”,
“computers”, and “computing” to the word stem “compute”. Implementation of Porter’s
Stemming Algorithm in python is developed. This algorithm is embedded to the preprocessing

system.

After stemming, terms that are shorter than two characters are also removed as they do not carry

much information about the content of a document.

Term Weighting

We represent each document vector d as

Where wi is the weight of i term of document d. There are various term weighting approaches

most of which are based on the following observations (Arzucan, 2002):

v The relevance of a word to the topic of a document is proportional to the number of times
it appears in the document.
v The discriminating power of a word between documents is less, if it appears in most of
the documents in the document collection.
A comparative study of different term weighting approaches in automatic text retrieval is
presented by Salton and Buckley (Arzucan, 2002). The term weighting approach applied in the
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study and some other standard term weighting functions are discussed in the following

subsections. In the study terms are defined as follows:
tfi as the raw frequency of term i in document d;
N as the total number of documents in the document corpus;

ni as the number of documents in the corpus where term i appears; and M as the number

of terms in the document collection (after stopword removal and stemming is performed).

Boolean Weighting

Boolean weighting is the simplest method for term weighting. In this approach, the weight of a
term is assigned to be 1 if the term appears in the document and it is assigned to be 0 if the term
does not appear in the document(Arzucan, 2002).

1 iféfy>0

Wy =
0 otherwise

Term Frequency (TF) Weighting

Term frequency weighting is also a simple method for term weighting. In this method, the
weight of a term in a document is equal to the number of times the term appears in the document,
i.e. to the raw frequency of the term in the document (Arzucan, 2002).

wi = tfi

Term Frequency * Inverse Document Frequency (TF*IDF) Weighting

Boolean weighting and term frequency weighting do not consider the frequency of the term
throughout all the documents in the document corpus. TF*IDF weighting is the most common

method used for term weighting that takes into account this property.

In this approach, the weight of term i in document d is assigned proportionally to the number of
times the term appears in the document, and in inverse proportion to the number of documents in

the corpus in which the term appears (Arzucan, 2002).

wi=tfi *log(N/Ni) ..o equation 12
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TF*IDF weighting approach weights the frequency of a term in a document with a factor that
discounts its importance if it appears in most of the documents, as in this case the term is
assumed to have little discriminating power.

TFEIDF Weighting With Length Normalization

In this approach, to account for documents of different lengths each document vector is
normalized so that it is of unit length.

WI=th*Tog(N/N) oo equation 13

Salton and Buckley discuss that TFEIDF weighting with length normalization generally performs
better than the other techniques (Arzucan, 2002). Therefore, we applied this weighting approach

in our study.

Dimensionality Reduction

There are various methods applied for dimensionality reduction in document categorization.
Some common examples are Information Gain (IG), Mutual Information (MI), Chi-Square
Statistic, Term Strength (TS), and Document Frequency (DF) Thresholding. The study discuss
these techniques briefly in the following subsections.

Information Gain (1G)

Information gain measures the number of bits of information gained for category prediction
when the presence or absence of a term in a document is known. When the set of possible

categories is fcl; ¢2; ...; cmg, the IG for each unique term t is calculated as follows (Joachims):

IG{t) = - i P(e;)-log Ple;)+P(1)- iP(cdt)-log Plest)+P(t) i P(e;ft)-log Pleft) .
i=1 i=1 i=1 ...equation

As seen from Equation, 1G calculates the decrease in entropy when the feature is given vs.
absent. P(c;) is the prior probability of category c;. It can be estimated from the fraction of
documents in the training set belonging to category ci. P(t) is the prior probability of term t. It
can be estimated from the fraction of documents in the training set in which term t is present.

Likewise, P(t) can be estimated from the fraction of documents in the training set in which term t

43



is absent. Terms whose I1Gs are less than some predetermined threshold are removed from the
feature space.
Mutual Information (M)

Mutual information is a technique frequently used in statistical language modeling of word
associations and related applications. MI between term t and category c is defined to be
(Arzucan, 2002):

....................................... equation 15

It is estimated by using (Arzucan, 2002):

Ax N

(A+R) x (A+B) .
....................................... equation 16

MI(E, ¢) = log

Here, A is the number of times t and ¢ co-occur, B is the number of times t occurs without ¢, R is
the number of times ¢ occurs without t, and N is the total number of documents. When t and ¢ are

independent MI (t; c) is equal to zero.

We can write equation in the following equivalent form:

MG, c) =log Pltle) —logPG) equation 17

It is seen from equation for terms that have an equal conditional probability, rare terms will have
a higher Ml value than common terms. So, Ml technique has the drawback that MI values are not

comparable among terms with large frequency gaps.

Category specific Ml scores for a term t can be combined into a global M1 score for that term in

the following two ways(Arzucan, 2002):

M-Icwg(t) = ZP(C?J) X Mf(t, Ci)
Tl equation 18

or
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MImea(t) = max{MI(2, co)} (2.20) o equation 19

Terms that have lower M1 values than a predetermined threshold are eliminated.

Term Strength (TS)

Term strength method, estimates term importance based on how commonly a term is likely to
appear in closely related documents (Yang, 1999). The first step in this method is to use a
training set of documents to find document pairs which have a similarity larger than a
predetermined threshold. In the next step TS is calculated based on the estimated conditional
probability that a term appears in the second document given that it appears in the first one.
Suppose, x and y are any pair of distinct but related documents. Then the TS of term t is defined
to be (Yang, 1999):

....................................... equation 20

Unlike IG, MI, and X? statistic, TS is an unsupervised dimensionality reduction technique where
document categories are not used. It is based on document clustering and assumes that
documents with many shared words are related and the terms that are heavily shared among
these related documents are relatively informative.

Document Frequency Thresholding (DF)

Document frequency (DF) of a term is the number of documents that term appears. In this
technique, the document frequency of each unique term is computed and terms whose document
frequencies are less than a predetermined threshold are eliminated. The basic assumption behind
this technique is that rare terms are either non-informative for document categorization or they
do not have much weight in global performance. This technique can also lead to improvement in
categorization accuracy in case rare terms are noise terms. However, DF is usually not used for
aggressive term elimination because there is another widely accepted assumption in information
retrieval that low-DF terms are distinctive and thus relatively informative and for this reason

should not be removed aggressively (Yang, 1999).

A comparative study of feature selection in text categorization is presented by Yang and

Pedersen (Yang, Y). It has been reported that IG and X? statistic performed the best. However,
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DF, the simplest and most efficient method in terms of computational complexity, performed
similar to 1G and X? statistics. It has been suggested that DF can be reliably used instead of 1G

and X statistics when computation performances of the latter two are too expensive.

Another point to consider is that IG, MI and X? statistics are supervised techniques and use
information about term-category associations. As our main focus is on unsupervised techniques
for document organization, these methods are not suitable to be applied in our study. To reduce
the dimensionality of the data, we apply DF Thresh holding. We define the document frequency
threshold as 1 and hence remove the terms that appear in only one document.

Document Similarity Measure

To use a clustering or classification algorithm, a similarity measure between two documents
must be defined. Cosine similarity measure is the most widely used similarity measure to

calculate the similarity of two documents. This measure is defined as (Steinbach, 1999):

dl 0(12

cos(dq,dg) = —————
(s, da) = 1 e

....................................... equation 21

That is, it is the dot product of d1 and d2 divided by the lengths of d1 and d2.
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Related works

There are a lot of works done on classification of Amharic document. From these the following

works are included:

Zelalem Sentayehu has worked on supervised Amharic news text classification in 2001. The
overall result of his research has showed that statical technique can be used to analyze Amharic
news items and classify automatically in to predefind classes. After training the classifier
classified 273 out of 321 news items correctly (Zelalem, 2001).

Surafel Teklu has worked on supervised Amharic news text classification in 2003. The objective
of the researcher was to investigate the application of machine learning techniques to automatic
categorization of Amharic news items. 11, 024 news articles were used to do this research. To
come up with good results text preparation and preprocessing was done. Stop-word and words
that occur in 3 or less documents were removed from the collection. Thirty-three percent of the
data was used for testing purposes. Machine learning techniques, Naive Bayes and k Nearest

Neigbor classifiers, were used to categorize the Amharic news items (Surafel, 2003).

The result of this research indicated that such classifiers are applicable to automatically classify
Ambharic news items. However, the classifiers work well when the categories contain almost
evenly distributed news items. The best result obtained by the naive Bayes and KNN classifiers is
on three categories data (95.80% vs. 89.61%) and the least performance is shown on the 16
categories (78.48% vs. 64.50%) respectively. The 16 categories contain unevenly distributed
data than the three categories and it is learnt that unevenly distributed numbers of documents
over the categories decreases the performance of both classifiers; K nearest Neighbor
dramatically decreases than naive Bayes. This research indicated that Naive Bayes is more

applicable to automatic categorization of Amharic news items.

The result of this research is promising. Nevertheless, additional works are recommended in

order to come up with good result (Surafel, 2003).

Yohannes has also worked on supervised Amharic text classification in 2007. Because of the
high dimensionality of the source data, classifier algorithms that are suitable for high-

dimensional data the researcher used, Decision Tree and Support Vector Machine (SVM) for the
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research experiment. The researcher also used the open source Weka package 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 (Yohannes, 2007).

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. The classification performance measures indicate the need for additional
works in developing tools and methods for mining Amharic data. (Yohannes, 2007)

Lakechew yayeh has done on unsupervised Amharic text news classification in 2011 and the
researcher used k-means, bisecting k-means and average link clustering algorithms. The
performances of document clustering algorithms: k-means, bisecting k-means and average link
were compared for the 4, 7 and 10 clustering solutions using entropy, purity and overall
similarity evaluation metrics over the different pre-defined data sets. The performances of k-
means and bisecting k-means are similar in terms of the overall similarity measure in all number
of clusters and they produced similar clustering solutions. However, the results of the findings
indicate that the bisecting k-means produced better clustering solutions consistently according to

the entropy and purity evaluation measures.

The results also shows that k-means and bisecting k-means clustering algorithms consistently
produced clusters that are most similar to pre-defined classes at different data sets. Moreover,
both k-means and bisecting k-means clustering algorithms produced clusters relatively with
similar cluster size (number of documents), while the agglomerative hierarchical clustering
algorithms generally produced clusters that are not similar to pre-defined classes and clusters

with unbalanced cluster size (number of documents).

Agglomerative hierarchical clustering algorithms produced low quality results as compared to
the k-means and the bisecting k-means clustering algorithms. Among the agglomerative
clustering algorithms, the average link achieved the best performance as compared to single link

and complete link in all evaluation measures.
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In this study, the potential application of unsupervised Learning techniques for the classification

of Amharic text documents was explored.

The effect of the number of clusters and the size of documents used on the performance and

efficiency of clustering algorithms was tested and compared using different data sets.

Moreover, the performances of these clustering algorithms were also tested at increasing number
of clusters using the same data set. The agreement between the number of predefined classes and
the number of clusters discovered by the agglomerative clustering algorithm was also tested for

10 clusters over the whole document collection.
Based on the experiments done in this thesis, the following concluding remarks were made.

As the number of clusters and documents increase, the clustering solutions produced by k-means
and bisecting k-means become more internally cohesive and externally isolated. However, the
clustering results do not match better with the pre-defined classes and requires relatively high

computational requirements.
Moreover; the purity values of single link, complete link and average link decrease.

According to the results obtained, it was difficult to determine the entropy and the overall
similarity values of the three agglomerative approaches at increasing number of clusters and

documents.

All the clustering algorithms: k-means, bisecting k-means, single link, complete link and average
link achieved better clustering quality as the number of clusters increases with the same data set.
The clustering solutions became more internally cohesive, externally isolated and match better
with the pre-defined classes (Lakechew, 2011)
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CHAPTER THREE

THE AMHARIC LANGUAGE AND ITS WRITING SYSTEM

3.1. The Amharic Language

The name Amharic (A91C% - amarofifia) comes from the district of Amhara (A99¢-) in northern
Ethiopia, which is thought to be the historic centre of the language. Amharic is a Semitic
language and the national language of Ethiopia (A +¢-%£). The majority of the 25 million or so
speakers of Amharic can be found in Ethiopia, but there are also speakers in a number of other
countries, particularly Eritrea (ACt¢-), Canada, the USA and Sweden.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 (Yohannes, 2007).

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. 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 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. Now a day there are more than 35 Ethiopic software
products available, each with its own character set, encoding system, typeface names and
keyboard layout.

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.  The Amharic writing system

The writing system of Amharic is taken from Geez (Bender, 1976; Aklilu, 1984) that in turn
evolved out of Sabaean Language the descendent of South Semitic Script. It was brought to
highlands of Ethiopia by immigrants from South Arabia in the first century A.D (Bender, 1976).
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Geez, which remained the ecclesiastical and literary expression in Ethiopia until the 16th
century, gradually gave way to Amharic that was used both in spoken and writing in the royal
courts. It began to be used for literary purposes at the beginning of the 19th century as the
administrative state changed its way of communication from oral to written one(Surafel, 2003).

Up to 350 A.D Geez scripts have no vowel indications. Latter, however, vocalized consonant
signs had come into being by undergoing a variety of changes in the structure of the consonantal
symbols. The structural changes added six additional forms to each basic consonant increasing
the total number of symbols to 182(26x7). Since then, vowels became an integral part of
Ethiopic writing (Surafel, 2003).

By the time Geez was replaced by Amharic, in addition to the 26 symbols that were used in the
Geez language, it added symbols by deriving them from the already existing Geez alphabets.

i From a

F From -+

T From 1

W From H

% From £

e From m

i From h

This increased the total number of fundamental characters used in Amharic writing system to 34;

out of which 33 are core characters and 1 is a special character (Million, 2000).
3.3. The Amharic Characters (& 2 &)

In Amharic writing system there are a total of 231 characters, 33 of the characters are the ‘core’
characters and one is ‘special’ character. Each character has seven different forms called orders
that reflect the seven vowel sounds (e, u, i, a, €, i, 0); one basic form and six non — basic forms
representing syllable combinations consisting of a consonant and vowel. It is shown in appendix
1
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There exists other character in addition to the 231 core characters that are indicated in appendix
3. The syllables with the vowel transliterated as (i) are pronounced (), except in final position

when the vowel is not pronounced.

Characteristics of the Amharic Character

Ambharic writing system is often called syllabary rather than an alphabet because the seven orders
of Amharic characters indicated above represent syllable combination consisting of consonant
and following vowel. The non basic forms (vocalization) are derived from the basic forms
(consonants) by attaching small appendages (diacritic marks) to the right, left, top, or bottom in
more or less regular modification. Some are formed by adding strokes, others by adding loops or
other forms of differentiation to each core character. The writing system is difficult and
vulnerable to various problems; it is difficult to automate information retrieval system for
Ambharic language. These writing problems have a negative effect on the performance of
different machine learning approaches in text classification and text clustering. Some of the
problems are discussed in the following sections.

Formation of Compound Nouns

Bender stated that compound nouns are sometimes written as two separate words (Bender,
1976). For example, NC&-A1a which means “blanket” may be written as 1C€ A-1a or NCLANN
and; heAh-+97 as h&A-hrte7 which means “sub city”. This happened to be inconsistent in Amharic
texts and should be considered in automatic classification (Surafel, 2003).

Character Redundancy

Out of 275 Amharic characters 231 are actually necessary to represent Amharic because the
other characters are redundant, i.e., by using only one character from a group of characters with
the same sound (Yohannes, 2007).

Spelling variations of a word would unnecessarily increase the number of words representing a
document which could reduce the efficiency and accuracy. Amharic document processing for
feature selection should therefore normalize word variants (spelling differences) caused by
inconsistent usage of redundant characters.(Yohannes, 2007)

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.
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Consonants Other symbols with the same sound
v(h&) hi1iYihand?
a(sa) w
A(d) 074 anda
a(tsd) 0

Table 1 shows a sample of redundant characters where more than one symbol is used for a given
sound.

Inconsistency of Abbreviations

To write Amharic words in abbreviation people use different symbols. Forward slash (“/”’) and
period (“.”) are the most common symbols used to write words in shorter form. For example the
short form of the word &C€ (- can be written as “&/0.1”, “&.01” or “&-0-+ which result in an
inconsistency of abbreviating Amharic words. These different representations of the same word
create high dimensional vector space and it has a negative effect on the performance of learning
algorithms.(Lakechew, 2010)

Variations due to Pronunciations

The usage of foreign language words in Amharic is also found to be another source of word
spelling variations. Most of the time different writers use different spellings in the writings of
words adapted from foreign languages. This writing problem also has a negative effect on the
performance of different machine learning approaches in text classification and text clustering
For example, the word A¢-t¢ (laboratory) is found to have different Amharic spellings like
Afic-t4E ANg-4 in the source data.(Yohannes, 2007)

Other Cases of Word Variations:

Usage of different affixing and suffixing style for same word causes word spelling variations. In
most cases different writers use different affix and suffix spellings in the writings of words. For

example difference in suffixing would result in the two writings A-F¢-29® and A& fa®to refer
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to human intellect while difference in prefixing would give the two writings &+ and &4+ to
mean ‘sanitary’ (Yohannes, 2007).

Punctuation

In Amharic language words are separated by two dots (: v-at 1-01), however, blank spaces are
generally used. The end of the sentence is marked by a square-formed four dots (:z Aé-t 1),
and the symbols # (imA AZH) and ¢ (&c0 AZH) represent a comma and semicolon respectively.
Moreover, the language borrows some punctuation marks from foreign languages such as (?, !, «
, 7,4 1,0\, ete.). According to Beletu (Beletu, 1982) there are about 17 punctuation marks used in
Ambharic language. However, the existing Amharic software does not make use some of them. It
is shown in appendix 4

Numerals

According to Bender et al., Amharic number characters are derived from Greek letters, and some
were modified to look like Amharic fidel. Each of the symbols has a horizontal stroke above and
below. Numbering starts from one and has single characters for numbers one to ten, more than
one character for multiples of ten (twenty to ninety), hundred, and thousand. There is no symbol
for zero in the Amharic script. Ethiopic numbers are used mostly in writing dates and page
numbers in text (Bender, 1976). Amharic number characters are indicated in appendix 2

3.4. Computerizing the Amharic Script

The ASCII code does not recognize Amharic scripts and thus cannot assign numeric codes to the
scripts. For ease of preprocessing and compatibility reasons, the Amharic text was transliterated
into an ASCII representation using SERA.

A SERA is a scheme for transliterating Amharic characters. The fundamentals of SERA are
discussed in Daniel (1996). SERA is a convention for transliteration of Amharic characters
(Fidel) script into Latin script that insures the integrity of the format and content of the original

document, and that can be fully transportable across all computer mediums.
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CHAPTER FOUR

4. METHODOLOGY
Introduction

The machine learning approach to text categorization is to automatically build the classifiers by
learning the concept descriptions of the categories. One type of machine learning, applied to text
categorization, is “supervised learning”. This requires a set of pre-labeled (pre-categorized)
training documents for generating classifiers. In contrast, “unsupervised learning” refers to the
task of automatically identifying a set of categories from a set of unlabeled documents and
grouping these unlabeled documents under these identified categories (Merkl , 1998). This task
is typically called document clustering. Semi-supervised classification algorithms train a
classifier given both labeled and unlabeled data. The goal is to label only the unlabeled data
available during training

In order to cluster or classify text documents by applying machine learning techniques,
documents should first be preprocessed. In the preprocessing step, the documents should be
transformed into a representation suitable for applying the learning algorithms. The most widely
used method for document representation is the vector space model introduced by Salton et. al.(
Salton, 1975).

In this model, each document is represented as a vector d. Each dimension in the vector d stands
for a distinct term in the term space of the document collection.

A term in the document collection can stand for a distinct single-word, a stemmed word or a
phrase. Phrases consist of multiple words such as ‘“data mining” or “mobile phone” and
constitute a different context than when used separately. Phrases can be extracted by using
statistical or Natural Language Processing (NLP) techniques. By statistical methods phrases can
be extracted by considering the frequently appearing sequences of words in the document
collection (Cohen, 1996). A research on extracting phrases by using NLP techniques for text
categorization is discussed by Fuernkranz et al. (Fuernkranz, 1998).

In vector space representation, defining terms as distinct single words is referred to as “bag of
words” representation. Some researchers state that using phrases rather than single words to
define terms produce more accurate classification results; whereas others argue that using single

words as terms does not produce worse results (Sahami, 1998). As “bag of words” representation
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is the most frequently used method for defining terms and it is computationally more efficient
than the phrase representation.

The next phase of the approach used is clustering the documents based on their similarity. Next
to this phase classify the clusters in to their predefined categories. In this stage of the KDT
process, experimentations were conducted using the most commonly used semi-supervised
machine learning algorithms and finally the outputs produced were evaluated using different

evaluation metrics.

4.1. Architecture of Amharic Text News classification

Ambharic news classification using semi-supervised has its own architecture. The architecture is
composed of five components. These are document collection, document preprocessing and
representation, clustering, classification and evaluating the results. The architecture of Amharic
document classification system is described in Figure 1.

Some of the documents are collected from ENA manually and then preprocessing of documents
was held.

In the document preprocessing stage transliteration, tokenization, normalization, stop words and
numbers removal, stemming and dimension reduction were done.

Once all these document preprocessing and representation activities were done, the datasets were
prepared in an appropriate format and given to the learning algorithms. The learning algorithms
process this dataset and group them into the appropriate clusters and classify to its category and
finally the performances of those classification algorithms were evaluated using different
classification evaluation metrics. The details of each phase are discussed in the following

sections.
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4.2. Document Collection

The document data set that was used for the experiments were Amharic text News which
was collected from ENA and used by other previous researchers. Even though,
classification of news items is done manually, ENA uses software called ENASoft to
make the management of news items easy. Once the classification task is done manually,
ENASoft is used to dispatch news items into different Media such as Ethiopian Radio and
Television, Addis Zemen, Sheger FM and others. The total number of categories
collected and considered in this study are 10; with a total 3,154 Amharic news items or

documents.

4.3. Document Preprocessing

Document preprocessing is important to improve the accuracy, efficiency, and scalability of the
classification process. In order to get better experiment results, language dependent document
preprocessing should be performed before automatic classification is implemented. Text or
document preprocessing is the step by which the text is made comfortable to the learning
algorithm. The preprocessing includes a removal of non-informative words or characters from
the text. It is the first step in the preparation of documents to present them in a format suitable for

classification.

The process of tokenization, normalization and stemming is language-dependent and in this
thesis the different characteristics or features of the Amharic language were considered in the
development of the algorithms. The document preprocessing task was implemented using python
programming language (Python 3.1). The document preprocessing activities done in this thesis

are presented in the following subsections.

4.4. Amharic Document Transliteration

For ease of use and compatibility purposes, the Amharic documents originally written using the
Ambharic script fidel were transliterated to an ASCII representation using a file conversion utility
called g2 command. g2 command was made available to us through Daniel Yacob of the
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Ge’ez Frontier Foundation (Daniel ). Both document preprocessing activities and the
experiments were done using the transliterated form in order to simplify spelling normalization
of Amharic characters and to make it compatible with the classification tool used for the
experiments.

Tokenization

Tokenization is the process of breaking down of documents into individual tokens.

In the tokenization process irrelevant and noisy features for the classification process such as
punctuation marks and any non Amharic characters were removed from documents in the
collection using python. This is because these features are not relevant to represent the content of
documents and they have no contribution in discriminating one document or category from the

other.

Read document file
Read punctuations list
Read unnecessary characters list
For each token in file
If token ends with punctuation then
Remove punctuation from file
End if
If token is in characters list
Remove token from file
End if
End for

Figure 2document tokenization algorithm
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Normalization

In the Amharic writing system characters with the same sound have different symbols. These
different symbols must be considered as similar because they do not have effect on meaning. As
a result, in this study, all different symbols of the same sound were converted to one common
form. In order to exploit this equivalence Lakechew’s (Lakechew, 2011) algorithm was used.
Thus, for example, if the character was one of chi-hi% -7 > or i (all of them with a similar
sound , h) then it was converted to U. By the same token, all orders of w (with the sound s) were
changed to their equivalent respective orders of (, all orders of O (with the sound a) were
changed to their equivalent respective orders of A, all orders of 8 (with the sound tse) were

changed to their equivalent respective orders of A.

Read document file
Read characters list
For each token in file
If token is ¢h or <h or ¥ or-¥ or’N then
token is U
elseif w
token is O
elseif 0
token is A
End if
End for

Figure 3 Normalization algorithm
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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 usage,
transliteration, abbreviation, and spelling errors. Stemming might be used to normalize

word variants by removing affixes through identification of word-stems from full words.

Read document file
Read exception list
Read prefix list
Read suffix list
Assign the first 1, 2, 3,... character(s) of the token to prefix
Assign the last 1, 2, 3,... character(s) of the token to suffix
For each token in file
If token is not in exception list and prefix is in prefix list
Remove prefix from token
End if
If token is not in exception list and suffix is in suffix list
Remove suffix from token
End if
End for

Figure 4 Stemming algorithm
In this study, tools for removal of common prefixes and suffixes, correction variations
due to transliteration, correcting common spelling variation, and normalizing different

forms of words are adapted from Nega Alemayehu(Nega, 2002).
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Stop Word Removal

In case of irrelevant attributes in the dataset, attribute subset selection can be used to find
a reduced set of attributes while keeping the original data class distribution as much as
possible (Yohannes, 2007).

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 (Yu, 2005).

The stop words are of two kinds: those which are common to Amharic language text and
those Amharic news items. Like the English language, some words in Amharic are used
very frequently in the normal usage of the language such as ‘1@- (is), P$?° 27 (however),
etc. Common words of this kind were identified. Moreover, it is usual that news is full of
some common words that occur frequently in almost all news items. For instance, the
words -F'LL to mean ‘took place’, -FmMP<+ to mean ‘it was requested’, etc., frequently
occur in most Amharic news texts. Such words are verbs which are usually found at the
end of a sentence. Hence, news specific common words of this type were used as a
stopword list. Both types of common words were used by Lakechew (Lakechew, 2011) for

his experiment and adapted for this research.

Such stop words were saved as a file, and the file name was provided to the tool as the
tool is capable of reading the file and removes the stop words from each document during

the indexing process.
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Read document file
Read stop word list
For each token in file
If token is in stop word list then
Remove token from file
End if
If token is number then
Remove token from file
End if
End for

Figure 5 Stop word removals

Compound words and abbreviations expansion

Compound words and abbreviations have different ways writing styles leading to inconsistency
in writing. This different and inconsistent representation of compound words and abbreviations
was solved by expanding all the short forms into their expanded form.

Concatenation of Compound Words

There are different representations of compound words in Amharic writing which result in an
increase in the dimension of the vector space. Hence, to solve this problem, algorithm 8 was used
to convert the expanded form into a single common standard form after creating a list that

contained such type of words.

Read document file
Read compound words list
For each token in file
If token is in list then
Concatenate token with the next token
End if
End for

Figure 6 Concatenation of compound words
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Term Weighting

For the purpose of classification and clustering, a document can be considered as a collection of
key words. These key words are often called features or attributes of the document. All terms or
words with in a document are not relevant equally to represent the contents of the document.
Term weighing is used to weight representative terms that describe and summarize document
content based on the importance of terms with in a document. Hence, in order to define the
importance of a word within Amharic text documents, a vector representation was used, where
for each word a numerical importance value is stored using the TF*IDF term weighting
approach.

Dimension Reduction

Document representation using bag of words create a problem in that the feature space becomes
very high dimensional which imposes a big challenge on the performance of clustering
algorithms. The computational complexity of any operations with such feature vectors will be
proportional to the size of the feature vector (Yang, 1997).

In addition, it has been shown that some specific words in specific languages only add noise to
the data and removing them from the feature vector actually improves classification performance
(Yang, 1997).

Feature selection not only reduces the high dimensionality of the feature space, but also provides
better data understanding, which improves the classification and clustering result (Sebastiani,
2002). Hence it is important to reduce the size of the feature vector by selecting only relevant
terms that leads to better clustering performance.

There are various methods applied for dimensionality reduction in document categorization.
Some common examples are Information Gain (IG), Mutual Information (MI), Chi-Square

Statistic, Term Strength (TS), and Document Frequency (DF) thresh holding.

4.5. Document classification and Evaluation

A number of different techniques are used to reliably estimate the accuracy of classifiers. The
techniques include Naivesbayes, Hyperpipes and RBF network for classification and EM for

clustering purpose. In the experimental part of this study cross-validation technique is used.
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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), D1, Dy, ..., Dk 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. Classification accuracy is estimated by dividing the
overall number of correct classification from the iterations by the total number of instances

(documents) in the initial data (Arzucan, 2002).

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 10-fold cross-validation is employed for estimating accuracy due to its
relatively low bias and variance. The 10-fold cross-validation is used for all experiments in this
research.

Evaluation of a classifier can be conducted by measuring its efficiency and its effectiveness.
Efficiency is typically measured by using the elapsed processor time and it refers to the ability of
a classifier to run fast. Efficiency of a classifier can usually be measured on two dimensions:
learning efficiency (i.e., the time a machine learning algorithm takes to generate a classifier from
a set of training examples) and categorization efficiency (i.e., the time the classifier takes to
assign appropriate categories to a new document). Because of the unstable nature of parameters
on which the evaluation depends, efficiency is rarely used as the singular performance measure
in text categorization. However, efficiency is important for the practical application of the
system.

A much more common evaluation method for text categorization systems is effectiveness: this
refers to the ability to take the right decisions on the categorization of new incoming documents.
There are several commonly used performance measures of effectiveness. However, there is no
agreement on one single measure for use in all applications. Indeed, the type of measure that is
preferable depends on the characteristics of the test data set and on the user’s interests. The
absence of one optimal measure of effectiveness makes it very difficult to compare the relative

effectiveness of classifiers (Arzucan, 2002).
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In the next section, the study will discuss various performance measures of effectiveness that

have been widely used for the evaluation of text categorization systems.

4.6. Performance Measures of Effectiveness

While a number of different conventional performance measures are available for the
effectiveness evaluation for text categorization, the definition of almost all measures is based on
the same 2x2 contingency table model that is constructed as shown in following Table 2
In this table, ‘YES’ and ‘NO’ represent a binary decision given to each document dj under
category ci. Each entry in the table indicates the number of documents of the specified type:
» TP;: the numbers of true positive documents that the system predicted was YES, and were
in fact in the category c;.
* FP;j: the number of false positive documents that the system predicted were YES, but
actually were not in the category c;.
* FN;: the numbers of false negative documents that the system predicted were NO, but
were in fact in the category c;.
* TN;: the numbers of true negative documents that the system predicted were NO, and
actually were not in the category ci.
Here, note that the larger TP; and TN; values are (or the smaller FP; and FN; values are), the more

effective ¢; is.

label by human expert
category ¢
YES is correct NO is correct
predicted YES TP, P,
label by the system
predicted NO FN, N

Table 2 effectiveness evaluation for text categorization

Given such a two-way contingency table, most conventional performance measures compute a
single value from the four values in the table. The standard performance measures for classic
information retrieval research are recall and precision that has been also frequently adopted for

the evaluation for the text categorization.
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These measures are computed as follows.

TP,
Recall = if TP, +EN, > 0
IP+EN: equation 22
TP,
Precision = if TP, +FP, > Q
TP, + FP,

.................................... equation 23

Recall measures the proportion of documents that are predicted to be YES and correct, against all
documents that are actually correct. While, the precision is the proportion of documents which
are both predicted to be YES and are actually correct, against all documents that are predicted
YES. In general, the higher precision is, the lower recall becomes, and vice versa. For example,
we can achieve very high precision by rarely predicting ‘YES’ (i.e., by setting a very high
threshold value) or very high recall by rarely predicting ‘NO’ (i.e., by setting very low threshold
value). For this reason, they are seldom used alone as a sole measure of effectiveness. Instead, it
is common in the literature to show two associated values of recall and precision at each level.

Other performance measures that are purely based on the contingency table are accuracy and

error. They are defined as follows:

P+

Accuracy = where |D|=7P,+ FP;, + FN,+ TN, > 0

e equation 24

Accuracy and error are also used for performance measures in text categorization. The accuracy
and error are defined as the proportion of documents that are correctly predicted and the
proportion of documents that are wrongly predicted, respectively. Both measures, in common,
have |D| which is the total number documents in their denominator.
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CHAPTER FIVE

EXPERIMENT AND PERFORMANCE EVALUATION
Introduction

This chapter discusses the results obtained from the experiment. The experiments are performed
based on the concepts discussed in the previous chapters.

The experiments were done using three document classification and one clustering algorithms:
Naivesbay’s, Hyperpipes and RBF Network classification algorithm and EM clustering
algorithms. The results obtained from these classifications and clustering algorithms are
discussed and a comparison of these classification algorithms was done to select the best
classification solution among the algorithms.

5.1. Experimentations setup for supervised

For supervised experiment the researcher used the same data with semi-supervised, shown in
Table 3, a total of 10 classes and 3154 documents were used in the experimentation process. The
all documents are labeled to its pre-defined classes with the corresponding provided by ENA.

To test the performances of Naives bay’s, Hyperpipes and RBF Network classification
algorithms at increasing number of classes and documents, the different pre-defined number of
classes and the corresponding pre-classified documents were used to conduct the experiments.
The 10 categories were divided into three and the experiments were done on 4, 7 and 10 number
of classes using 1250, 2200 and 3154 documents respectively as shown in Table 3. The first
experiment was don on four classes: ‘economy’, ‘politica’, ‘sport’ and ‘tena’ that contain
relatively equal number of news items were selected. The second experiment was performed on
seven classes: ‘economy’, ‘politica’, ‘sport’, ‘tena’, ‘bahelnaturism’ ‘science’, and
maheberawiguday. The third experiment was performed on ten categories: ‘economy’, ‘politica’,

‘sport’, ‘tena’, ‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.
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Experiments No. | List of Classes used Number of documents Algorithms used

On four classes 1. Economy 292 1. Naives‘_baye’s
2. Hyperpipes
1 2. politica 301 3. RBF Network
3. sport 335
4. tena 322
Total 1250
On seven classes 1. Economy 292 1.Naives baye’s
2. politica 301 2.Hyperpipes
2 | 3. sport 335 3.RBF Network
4. tena 322
5. bahelnaturism 335
6. science 301
7. maheberawiguday 314
Total 2200
On ten classes 1. Economy 292 1.Naives baye’s
2. politica 301 2.Hyperpipes
3 3. sport 335 3.RBF Network
4. tena 322
5. bahelnaturism 335
6. science 301
7. maheberawiguday 314
8. Tmhert 597
9. Heg 319
10. Adega
338
Total 3154

Table 3 Experimentations setup
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5.1.1. Naive Bays Test
As explained in chapter two Naive Bays is one of the simple algorithms of machine learning. A
naive Bayes classifier could be defined as an independent feature model deals with a simple
probabilistic classifier based on applying Bays' theorem with strong independence assumptions.
The test results for the naive Bays classifier is discussed in the following sections.

Experiment on four classes
Four classes ‘economy’, ‘politica’, ‘sport’ and ‘tena’ that contain relatively equal number of

news items were selected; where 1250 news items were used. The classification accuracy for this
test can be shown using confusion matrix. A confusion matrix contains a row and column where
the row is actual categories and column is predicted number of documents classified to the
corresponding class. The following confusion matrix details are for the four classes:

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 956 76.48
%

Incorrectly Classified Instances 294 23.52

%
=== Confusion Matrix ===

a b c d <-- classified as
209 38 19 26 a = economy

91 194 29 22 b = politica

6 2 264 12 c sport

14 5 30 289 d = tena

Figure 7 confusion matrix for four classes using Naivebays

The first row indicates that 209 documents are classified correctly as the category ‘economy’;83
documents from this category are misclassified as other category.38 as ‘politica’; 19 as ‘sport’
and 26 as ‘tena’. The second row indicates 91 documents from the category ‘politica’ are
classified incorrectly to the category ‘economy’; 194 documents are classified correctly; 29
documents classified incorrectly to the category ‘sport’ and 22 documents are classified
incorrectly to the category ‘tena’. The third row indicates 6 documents from the category ‘sport’
are classified incorrectly to the category ‘economy’; 2 documents from the category ‘sport’ are
classified incorrectly to the category ‘politica’; 264 documents are classified correctly; and 12
documents classified incorrectly to the category ‘tena’. In the same manner, for the fourth row,

category ‘tena’, 14 documents classified incorrectly as a category ‘economy’, 5 documents are
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classified incorrectly to the category ‘politica’ 30 document is classified incorrectly to the
category ‘sport’ and 289 documents classified correctly in the category.

As we can see from the above experiment result the algorithm classified 76.48% of the
documents correctly and 23.52 % of the document incorrectly. That is correctly classified news
items are 956 out of 1251. The highest confusion (91) happened between politica and economy.
This shows that these classes have a lot in common.

Experiment on Seven classes
=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1330 60.4545 %
Incorrectly Classified Instances 870 39.5455 %

=== Confusion Matrix ===

a b c d e f g <-- classified as
214 33 19 33 28 41 o | a = science

39 90 52 49 29 44 6 | b = economy

24 38 195 17 27 21 22 | c = politica
2 2 0 187 17 16 0 | d = tena

le 17 9 34 210 28 7 | e = bahelnaturism

28 24 11 47 36 182 6 | f = maheberawiguday
4 4 5 3 9 17 252 | g = sport

Figure 8 confusion matrix for four classes using Naivebays

As we can see from the above experiment result the algorithm classified 60.4545 % of the
documents correctly and 39.5455 % of the document incorrectly. The highest confusion (49)
happened between tena and economy followed by tena and maheberawiguday (47). This shows
that these classes have a lot in common.

Experiment on ten classes

Time taken to build model: 0.02 seconds

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 2223 69.7084 %
Incorrectly Classified Instances 966 30.2916 %
=== Confusion Matrix ===
a b c d e f g h i I <-- classified as
284 3 1 2 1 0 3 5 2 4 | a = politica
11 168 32 36 26 23 34 17 16 11 | b = economy
4 17 235 6 23 19 17 27 32 10 | c = heg
3 23 14 168 10 18 18 13 16 5 d = science
0 4 10 1 264 11 7 3 10 0 | e = tena
1 12 30 11 31 138 13 21 18 5 | f = maheberawiguday
2 4 11 4 13 3 283 3 2 0 | g = tmhert
9 7 26 3 8 14 11 266 9 8 | h = bahelnaturism
2 4 24 11 18 17 6 14 198 4 | i = adega
2 2 8 2 4 5 1 12 6 219 | j = sport

Figure 9 confusion matrix for ten classes using Naivebays

From the above experiment result we can see that the algorithm classified 69.7084 % of the
documents correctly and 30.2916 % of the document incorrectly. From the confusion matrix the
highest confusion (36) happened between science and economy followed by tmhert and economy

(34). This shows that these classes are more related.

5.1.2. Hyperpipes
HyperPipes is a very simple algorithm that constructs a “hyperpipe” for every class in the data
set; each hyperpipe contains each attribute-value found in the examples from the class it was
built to cover. An example is classified by finding which hyperpipes covers it the best.
Extremely simple algorithm, but has the advantage of being extremely fast, and works quite well
when you have lots of attributes.

Experiment on four classes
Test mode:10-fold cross-validation

=== Classifier model (full training set) ===
HyperPipes classifier
Time taken to build model: 0 seconds

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 925 74

%
Incorrectly Classified Instances
%

325 26

Confusion Matrix

a b c d <-- classified as
202 56 11 23 | a = economy

97 204 12 23 | b = politica

16 10 249 9 | c = sport

25 18 25 270 | d = tena

Figure 10 confusion matrix for four classes using hyperpipe

As we can see from the above experiment result the algorithm classified 74% of the documents

correctly and 26% of the document incorrectly. From the confusion matrix the highest confusion

(97) happened between politica and economy. This shows that these classes are more related.

Experiment on seven classes
Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1171 53.2273 %
Incorrectly Classified Instances 1029 46.7727 %
=== Confusion Matrix ===
a b c d e f g <-- classified as
251 28 33 10 13 36 3 | a = science
85 86 55 19 22 38 4 | b = economy
52 74 154 5 19 18 22 | c = politica
27 22 3 126 25 21 0 | d = tena
41 29 13 19 184 31 4 | e = bahelnaturism
75 43 20 24 37 133 2 f
maheberawiguday
9 9 10 1 11 17 237 | g = sport

Figure 11 confusion matrix for seven classes using hyperpipe

As it is shown in the above the algorithm classified 53.2273% of the documents correctly and

46.7727 % of the document incorrectly. As we can see from confusion matrix the highest

confusion (85) happened between politica and economy followed by maheberawiguday and

economy (75). This indicates that these classes are more related each other.
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Experiment on ten classes
Test mode:10-fold cross-validation

=== Classifier model (full training set) ===
HyperPipes classifier
Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1484 46.535 %
Incorrectly Classified Instances 1705 53.465 %
=== Confusion Matrix ===
a b c d e f g h i j <-- classified as
128 67 31 10 5 9 11 19 7 18 | a = politica
65 158 38 26 22 10 35 14 5 1] b = economy
15 46 193 11 26 19 23 34 20 3 | c = heg
9 53 27 117 11 10 26 18 15 2 d = science
3 17 28 7 203 17 21 2 12 0 | e = tena
7 25 56 17 34 81 22 25 11 2 | f = maheberawiguday
6 50 38 9 34 19 137 19 12 1] g = tmhert
18 17 59 22 16 22 22 162 15 5 | h = bahelnaturism
12 16 60 14 27 18 13 16 122 0 | i = adega
16 5 19 0 4 7 5 14 8 183 | j = sport

Figure 12 confusion matrix for ten classes using hyperpipe

As we can see from the above experiment result the algorithm classified 46.535% of the
documents correctly and 53.465 % of the document incorrectly. From the confusion matrix the
highest confusion (65) happened between politica and economy followed by heg and adega (60).

This shows that these classes have a lot in common.

5.1.3. RBF network
Radial basis function (RBF) networks have a static Gaussian function as the nonlinearity for the
hidden layer processing elements. The Gaussian function responds only to a small region of the
input space where the Gaussian is centered. The key to a successful implementation of these
networks is to find suitable centers for the Gaussian functions. The simulation starts with the
training of an unsupervised layer. Its function is to derive the Gaussian centers and the widths
from the input data. These centers are encoded within the weights of the unsupervised layer

using competitive learning. During the unsupervised learning, the widths of the Gaussians are
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computed based on the centers of their neighbors. The output of this layer is derived from the
input data weighted by a Gaussian mixture (Stig-Erland, 2007).

The advantage of the radial basis function network is that it finds the input to output map using
local approximators. Usually the supervised segment is simply a linear combination of the
approximators. Since linear combiners have few weights, these networks train extremely fast and

require fewer training samples.

Experiment on four classes
Time taken to build model: 1.08 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 902 72.16
%
Incorrectly Classified Instances 348 27.84

%
=== Confusion Matrix ===

a b c d <-- classified as
206 39 20 27 | a = economy

93 170 46 27 | b = politica

7 3 247 27 | c = sport

23 6 30 279 | d = tena

Figure 13 confusion matrix for four classes using RBF Network

As it is depicted in the above the algorithm classified 72.16% of the documents correctly and
27.84 % of the document incorrectly. As we can see from the confusion matrix the highest
confusion (93) happened between politica and economy. This shows that these classes are more
related.

Experiment on seven classes
Time taken to build model: 1.77 seconds

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 1243 56.5 %
Incorrectly Classified Instances 957 435 %
=== Confusion Matrix ===
a b c d e f g <-- classified as
203 34 19 47 10 58 3 | a = scilence
35 88 48 64 12 59 3 b = economy
20 42 189 26 16 36 15 | c = politica
3 2 0 183 7 29 0 | d = tena
le 13 11 47 140 93 1 ] e = bahelnaturism
23 21 10 48 18 213 1| f = maheberawiguday
3 6 11 15 4 28 227 | g = sport

Figure 14 confusion matrix for seven classes using RBF Network

As we can see from the above experiment result the algorithm classified 56.5% of the documents
correctly and 43.5 % of the document incorrectly. From the confusion matrix the highest
confusion (64) happened between politica and economy followed by maheberawiguday and
economy (59). This shows that these classes have a lot in common.

Experiment on ten classes
Time taken to build model: 48.89 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1890 59.2662 %
Incorrectly Classified Instances 1299 40.7338 %
=== Confusion Matrix ===
a b c d e f g h i 3 <-- classified as
288 2 4 2 1 1 0 3 2 2 a = politica
11 133 54 49 26 72 10 8 11 0 | b = economy
4 15 224 11 19 73 8 9 26 1 | c = heg
4 30 28 155 13 34 6 6 11 1 | d = science
0 18 17 4 243 1o 1 3 8 0 | e = tena
1 29 47 11 29 142 6 3 11 1 | f = maheberawiguday
3 18 61 14 27 10 187 5 0 0 | g = tmhert
4 15 31 7 14 54 40 181 9 3 h = bahelnaturism
3 5 49 11 20 31 4 9 163 3 i = adega
3 14 21 4 6 24 0 3 12 174 | j = sport

Figure 15 confusion matrix for ten classes using RBF Network

As we can see from the above experiment result the algorithm classified 59.2662 % of the
documents correctly and 40.7338 % of the document incorrectly. The confusion matrix shows
the highest confusion (54) happened between politica and economy followed by heg and adega

(54). This shows that these classes have a lot in common.
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Number of classes Naivebays Hyperpipes RBF Network accuracy
accuracy(%) accuracy(%) (%)
Four
76.48 74 72.16
56.5

Table 4 Comparision of algorithms at different class level

As shown in Table and figure above, Naivebays achieved the highest performance in terms of

accuracy.

5.2. Experimentations setup for semi-supervised learning

As shown in Table 3, a total of 10 classes and 3154 documents were used in the experimentation
process. The list of pre-defined classes with the corresponding documents is already provided by
ENA. These pre-classified documents were used as a centroid before clustering.

To test the performances of Naives bay’s, Hyperpipes and RBF Network classification
algorithms at increasing number of classes and documents, the different pre-defined number of
classes and the corresponding pre-classified documents were used to conduct the experiments.
The predefined classes were arranged in the manner that each classes are not related. That means
classes that have great similarity have smaller probability to be selected at the same time. The 10
categories were divided into three and the experiments were done on 4, 7 and 10 number of

classes using 1250, 2200 and 3154 documents respectively as shown in Table 3.

5.2.1. Naive Bayes Test

Experiment on four categories

Four classes ‘economy’, ‘politica’, ‘sport’ and ‘tena’ that contain relatively equal number of
news items were selected; where 1250 news items were used. The classification accuracy for this
test can be shown using confusion matrix. A confusion matrix contains a row and column where
the row is actual categories and column is predicted number of documents classified to the
corresponding class. The following confusion matrix details are for the four classes:

Time taken to build model: 0.02 seconds
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=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 1043 83.44 %
Incorrectly Classified Instances 207 16.56 %
Total Number of Instances 1250

=== Confusion Matrix ===

a b c d <-- classified as
237 39 4 12 | a = economy
81 187 13 20 | b = politica
7 5 307 1lo6 | c = sport
o 4 0 312 | d = tena

Figure 16 confusion matrix for four classes using Naivesbays

The first row indicates that 237 documents are classified correctly as the category ‘economy’;55
documents from this category are misclassified as other category.39 as ‘politica’; 4 as ‘sport” and
12 as ‘tena’. The second row indicates 81 documents from the category ‘politica’ are classified
incorrectly to the category ‘economy’; 187 documents are classified correctly; 13 documents
classified incorrectly to the category ‘sport” and 20 documents are classified incorrectly to the
category ‘tena’. The third row indicates 7 documents from the category ‘sport’ are classified
incorrectly to the category ‘economy’; 5 documents from the category ‘sport’ are classified
incorrectly to the category ‘politica’; 307 documents are classified correctly; and 16 documents
classified incorrectly to the category ‘tena’. In the same manner, for the fourth row, category
‘tena’, 6 documents classified incorrectly as a category ‘economy’, 4 documents are classified
incorrectly to the category ‘politica’ 0 document is classified incorrectly to the category ‘sport’
or there is no economy document that are predicted as politica and 312 documents classified
correctly in the category. So, correctly classified news items are 1,052 out of 125land the
average accuracy is 83.44 percent. The highest confusion (81) happened between politica and
economy. This shows that these classes have a lot in common.

Experiment on Seven Categories

The second experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism”’ ‘science’, and maheberawiguday.

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 1576 71.6364 %
Incorrectly Classified Instances 624 28.3636 %
Total Number of Instances 2200

=== Confusion Matrix ===

a b c d e f g <-- classified as
203 27 3 13 12 14 20 | a = economy
58 167 11 10 20 17 18 | b = politica
1 3 296 6 15 2 12 | c = sport
4 4 0 280 2 9 23 | d = tena
9 2 6 21 2061 6 30 | e = bahelnaturism
19 [ 2 23 15 205 31 | f = science
16 9 3 69 31 22 164 | g =

maheberawiguday

Figure 17 Confusion matrix for seven classes using Naivesbays

As we can see from the above experiment result the algorithm classified 71.6364% of the
documents correctly and 28.3636 % of the document incorrectly. From the confusion matrix we
can see that the highest confusion (69) is happened between tena and maheberawiguday followed
by ecoinomy and politica(58). This shows that tena and maheberawiguday have a lot in common.

Experiment on ten Categories

The third experiment was performed on ten categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.

Time taken to build model: 0.02 seconds
=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 2032 64.4261 %
Incorrectly Classified Instances 1122 35.5739 %
Total Number of Instances 3154

=== Confusion Matrix ===

a b c d e f g h i 3 <-- classified as
197 26 1 9 13 8 12 10 6 10 | a = economy
53 153 8 5 13 14 13 9 26 7] b = politica
1 3 288 5 10 2 11 6 5 4 | c = sport
4 1 0 263 1 9 12 18 3 11 | d = tena
5 0 5 17 241 4 23 16 13 11 | e = bahelnaturism
12 5 0 11 11 179 18 47 6 12 | f = science
16 7 3 49 18 18 124 38 17 24 | g = maheberawiguday
2 3 0 31 6 17 9 222 3 4 | h = tmhert
10 15 2 17 29 7 34 29 146 30 | i = heg
3 14 1 23 20 13 20 14 11 219 | j = adega

Figure 18 confusion matrix for ten classes using Naivesbays
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As we can see from the above experiment result the algorithm classified 2032 (64.4261% ) of the
document correctly and 1122(35.5739%) of the documents incorrectly. As it is shown in the
confusion matrix the highest confusion (53) is happened between ecoinomy and politica
followed by tena and maheberawiguday). This shows that ecoinomy and politica have a lot in

common.

Number of classes Accuracy performance achieved
4 83.44 %

7 71.6364 %

10 64.4261 %

Table 5 accuracy performances achieved at different levels of class using Naivebays algorithm

From the above table, the highest accuracy is 83.44% and the lowest is 64.4261 % when the
number of class is four and ten respectively. The seven class category yields an accuracy of
71.6364 %. From this we can deduce that when the number of class increase the accuracy goes in

a reverse way. This is due to the increase of similarity between classes.

5.2.2. Hyper Pipes test

Experiment on four categories

The first experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, and
‘tena’.
HyperPipes classifier

Time taken to build model: 0.01 seconds
=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1035 828 %
Incorrectly Classified Instances 215 172 %
Total Number of Instances 1250

=== Confusion Matrix ===

a b c d <-- classified as
242 38 1 11 | a = economy

95 176 17 13 | b = politica

[ 4 320 5 c = sport
16 9 0 297 | d = tena

Figure 19 confusion matrix for four classes using Hyperpipes
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As we can see from the confusion matrix details 1035 news items out of 1250 are correctly
classified and the average percent accuracy is 82.8%. The highest confusion (95) happened
between politica and economy. This shows that these classes have a lot in common.

Experiment on seven categories

The second experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism’ ‘science’, and ‘maheberawiguday’.
Test mode:10-fold cross-validation

=== Classifier model (full training set) ===

HyperPipes classifier

Time taken to build model: 0.01 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1529 695 %
Incorrectly Classified Instances 671 305 %
Total Number of Instances 2200

=== Confusion Matrix ===

a b c d e f g <-- classified as

211 34 4 7 8 16 12 | a = economy
70 le6 15 12 17 714 | b = politica
4 3 304 2 11 2 9 | c = sport
9 5 0 261 7 10 30 | d = tena
9 9 10 23 259 9 16 | e = bahelnaturism
26 11 2 27 18 188 29 | f = science
25 13 7 62 37 30 140 | g = maheberawiguday

Figure 20 confusion matrix for seven classes using HyperPipes

As shown from the above confusion matrix details 1529 news items out of 2,200 are correctly
classified and the average percent accuracy is 69.5 percent. As we can see from the confusion
matrix the highest confusion (70) happened between politica and economy followed by tena and
maheberawiguday (62). This shows that these classes have a lot in common.

Experiment on ten categories

The third experiment was performed on ten categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.
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Test mode:10-fold cross-validation

=== Classifier model (full training set) ===

HyperPipes classifier

Time taken to build model: 0.03 seconds

=== Stratified cross-validation

=== Summary ===

Correctly Classified Instances

Incorrectly Classified Instances

Total Number of Instances

=== Confusion Matrix

a b c
196 32 3
69 151 9
2 3 298
9 4 0
10 5 10
21 6 1
16 9 7
12 3 0
13 31 4
10 11 4

d

6

6

2
238
19
18
48
43
23
27

e
11
16
12

3

248

8
27
12
22
20

1944

1210

3154
f g
13 12
9 10
4 8
8 23
6 19
181 22
20 125
26 23
10 35
15 29

N
(ool TN IR I e 3

29
24
170
17
5

61.636 %
38.364 %
i 3 <-- classified as
6 6 | a = economy
18 5 | b = politica
1 1 ] c = sport
2 14 | d = tena
S 4 | e = bahelnaturism
7 8 | f = science
21 17 | g = maheberawiguday
4 4 | h = tmhert
142 22 | i = heg
22 195 | J = adega

Figure 21 confusion matrix for ten classes using Hyperpipes

As shown from the above figure confusion matrix details 1,944 news items out of 3,154 are

correctly classified and the average percent accuracy is 61.636 percent. From the confusion

matrix we can see that the highest confusion (69) happened between politica and economy

followed by tmhert and tena(48). This shows that these classes have a lot in common each other.

Number of classes

Accuracy performance achieved

4 82.8 %
7 69.5%
10 61.636%

Table 6 Accuracy performance achieved at different levels of class using Hyperpipe algorithm

From the above table, the highest accuracy is 82.8% and the lowest is 61.636 % when the

number of class is four and ten respectively. The seven class category yields an accuracy of

69.5%. From this we can conclude that when the number of class increase the accuracy goes in a

reverse way.
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5.2.3. Radial basis function network (RBF Network) Test

Experiment on four categories

The first experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, and
‘tena’.

Test mode:10-fold cross-validation

=== Classifier model (full training set) ===

Radial basis function network

Time taken to build model: 0.22 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1030 824 %
Incorrectly Classified Instances 220 176 %
Total Number of Instances 1250

=== Confusion Matrix ===
a b c d <-- classified as

246 28 5 13 | a = economy
93 167 28 13 | b = politica
2 4 318 11 | c = sport

13 8 2 299 | d = tena

Figure 22 confusion matrix for four classes using RBF Network

Correctly classified news items are 1,030 out of 1251and the average accuracy is 82.4%. The
confusion matrix shows that the highest confusion (93) happened between politica and economy.
This shows that these classes are more related.

Experiment on seven categories

The second experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,
‘bahelnaturism’ ‘science’, and ‘maheberawiguday’.

Time taken to build model: 2.2 seconds

=== Stratified cross-validation ===

=== Summary ===
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Correctly Classified Instances 1501 68.2273 %
Incorrectly Classified Instances 699 31.7727 %
Total Number of Instances 2200

=== Confusion Matrix ===

a b c d e f g <-- classified as
206 28 12 8 30 4 5 | a = economy

62 157 14 1o 37 13 1 ] b = politica

17 7 193 12 65 1 o | c = science

12 6 7 213 77 11 9 | d = bahelnaturism

17 8 19 15 220 7 28 | e = maheberawiguday
3 4 1 10 28 288 4 | f = sport
9 7 15 6 ol 0 224 | g = tena

Figure 23 confusion matrix for seven classes using RBF Network

As shown from the above confusion matrix details 1501 news items out of 2,200 are correctly
classified and the average percent accuracy is 69.5 percent. Confusion matrix of the experimental
result indicates that the highest confusion (62) happened between politica and economy followed
by tena and maheberawiguday (61). This shows that these classes are more related.

Experiment on ten categories

The third experiment was performed on ten categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,
‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.

Time taken to build model: 10.09 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1673 53.0438 %
Incorrectly Classified Instances 1481 46.9562 %
Total Number of Instances 3154
=== Confusion Matrix ===
a b c d e f g h i 3 <-- classified as
179 34 2 14 8 4 29 14 7 1 ] a = economy
49 143 o 13 7 8 34 13 25 3 b = politica
3 6 274 4 12 2 18 9 5 2 c = sport
7 4 0 227 2 0 29 40 4 9 | d = tena
5 4 6 18 204 1 63 26 6 2 | e = bahelnaturism
21 15 4 21 18 53 45 107 13 4 | f = science
10 9 3 38 20 4 143 60 19 8 | g = maheberawiguday
3 4 0 30 5 26 20 203 5 1 ] h = tmhert
13 19 1 15 24 7 92 23 114 11 | i = heg
6 22 1 38 18 10 48 29 33 133 | J = adega

Figure 24 confusion matrix for ten classes using RBF Network
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As shown from the above confusion matrix details 1673 news items out of 3154 are correctly
classified and the average percent accuracy is 69.5%. From the confusion matrix the highest
confusion (92) happened between heg and maheberawiguday followed by politica and economy
(49). This shows that these classes have a lot in common.

Number of classes Accuracy performance achieved
4 82.4%

7 68.2273%

10 53.0438%

Table 7 accuracy performances achieved at different levels of class using RBF Network

algorithm

From the above table, the highest accuracy is 82.4% and the lowest is 53.0438% when the
number of class is four and ten respectively. The seven class category yields an accuracy of
68.2273%. From this we can say that when the number of classes increases the accuracy goes in
a reverse way.

The above all experimental confusion matrix shows that politca and economy have a lot in
common. This means these classes are more related followed by tena and maheberawiguday.
DISSCUSSIONS

The classification algorithms used in the experiments presented in this paper were implemented
from WEKA package. These algorithms were chosen to include diverse set of paradigms, while
high computational efficiency. Based on the above experimental results, we can clearly see that
the highest accuracy is 83.44 % and the lowest is 82.4% when the number of class is four. The
other algorithm yields an average accuracy of 82.8%. In fact, the highest accuracy belongs to the
NaiveBayes classifier, followed by Hyperpipes and Radial basis function with a percentage of
82.8% and 82.4%.

5.3.  Comparison of classification Algorithms

In this research different classification algorithms were used. The performances of each
document classification algorithms: Naivebayes, Hyperpipe and RBF network were compared
using their accuracy. Table below shows the comparison of the classification results obtained by
Naivebayes, Hyperpipe and RBF network for the 4, 7 and 10 classes.
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Number of classes nave Hyperpipe RBF network

Four 83.44 82.8 82.4
Seven 71.636 69.5 68.2273
Ten 64.4261 61.636 53.0438

Table 8 performance evaluation at different class stages

Algorithm comparision
—&— RBF Network =ll=Hyperpipes Naives
83.44
71.636
P23 64.4261
‘._::o C
=l 61.636
824 0682273
- 53.0438
Four seven Ten

Figure 25 performance evaluation different classification algorithm and different class levels

As shown in Table and figure above, the Naivebays achieved the highest performance in terms of
accuracy in all number of classes. However, the accuracy of all algorithms decreases as the
number of categories increases.

In this simple experiment, from Figures, we can say Naivebays classifier requires the shortest
time which is around 0.02 seconds compared to the others when class level is 10. Radial basis

function (RBF) networks algorithm requires the longest model building which is 10.09 seconds.
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5.1. Comparison of Supervised and Semi-supervised classification

Machine learning | Number ~ of | Naves Hyperpipe RBF network
approaches classes
Supervised Four 76.48 74 72.16
Seven 60.4545 | 53.2273 56.5
Ten 69.7084 46.535 59.2662
Semi-Supervised | Four 83.44 828 82.4
Seven 71.6364 69.5 68.2273
Ten 55.4209 57.2618 51.9056

Table 9 performance comparison of semi-supervised and supervised performance

As shown experimental results above, all the results of semi-supervised classification approach is
quite greater than supervised machine learning approaches. Therefore, this indicates that semi-

supervised text classification is significantly better than supervised text classification.
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CHAPTER SIX

CONCLUSION AND RECOMMENDATIONS

6.1. Conclusion

In this study, the potential application of semi-supervised Learning approach for the
classification of Amharic news documents was explored and is both feasible and important. The
effect of the number of classes and the size of documents used on the performance and efficiency
of classification algorithms was tested and compared using different data sets. Moreover, the
performances of these classification algorithms were also tested at increasing number of classes
using the same data set.

The study shows that semi-supervised approach for Amharic news classification significantly
improve predictive accuracy over different classes, the semi-supervised approach was more
successful (significantly better in for cases) than supervised and unsupervised approaches.

In this study, three classification algorithms including Naives bays, Hyperpipes and RBF
Network are applied to Amharic news dataset.

Based on the experiments done in this study, the following concluding remarks were made.

» As the number of classes and documents increase, the accuracy produced by different
classifiers, Naives bay’s, Hyperpipes and RBF Network, become decreased and requires
relatively high computational requirements. Moreover, it is learnt that considering
categories with equal number of news items increases the performance of the classifiers.

» The best result obtained by the Naives bay’s, Hyperpipes and RBF Network, classifiers is
on four categories data (83.44% 82.8% and 82.4%) and the least performance is shown
on the 10 categories data (64.4261% , 61.636, and 53.0438%) respectively. Compared to
Hyperpipes and RBF Network Naives bay’s classifier methods obtain a good result.
Naives bay’s shows that it can provide better results with larger training set. This paper
indicated that naive Bayes classifier is more applicable to Amharic news articles than
Hyperpipes and RBF Network classifiers.

» All the classification algorithms: Naives bay’s, Hyperpipes and RBF Network achieved
better classification accuracy in semi-supervised than supervised. Therefore we can say

that applying semi-supervised text classification better than supervised approach.
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6.2.

Recommendations

This study shows the potential application of semi-supervised machine learning techniques to the

analysis of textual Amharic documents is both feasible and crucial. However, recommendations

for further research are forwarded to improve the performance of document classification and to

explore all algorithms and applications of semi-supervised document classification especially for

local languages. Thus, the recommendations forwarded are organized as follows.

v

The Naivesbayes, Hyperpipes and RBF Network classifiers used in this research have
shown good accuracy. Therefore, there is a need to look for other classifiers with less
processing cost and better accuracy.

The availability of standard stop-word list would possibly facilitate researches in the
areas of automatic classification. Nevertheless, there is no standard stop word list for use
in the Amharic language. Therefore; a standard Ambharic stop-word list should be
developed.

As to the researcher’s knowledge, there is no standard corpus open for researchers to
apply different machine learning approaches. Researchers can devote much time on their
work and explore more if standard corpus is prepared for Amharic classification
experiments like ‘Reuters-21578’ for English.

The bag of words representation approach which describes each document with its most
significant terms was used in this thesis. However, future researchers may consider
different document representation approaches such as phrase based and ontology based
representations to select index or representative terms.

Feature researchers can also compare the performance of semi-supervised learning
approaches with the unsupervised approaches and two step approach using the same
evaluation methods and document collections.

Currently, few researches were conducted on automatic Amharic news classification and
the results of the researches are promising. However, ENA still uses manual classification
of News. So, it is better for the agency to review the different research works and to start
the implementation of automatic classification of news.

There is also a mismatch between the news categories provide by ENA and the clusters
discovered by automatic clustering algorithms. Hence, it is better for the agency to revisit

it news categories based on these findings.
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v A number of researches were done on Amharic text document classification. However, as
to the knowledge of the researcher, all the previous studies were conducted using
Ambharic text news item only. Future researchers can also explore document classification
techniques to various real world problems such as classification and clustering of
research papers and e- mail messages. Moreover, document classification and clustering
techniques can also be extended to other local languages if huge collection of documents

is available.
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APPENDIXES

Appendix 1 Amharic alphabets

1!-1:

ShiblucksernpbbasRrlaieuNathaxxth
1¢Ah iuaKaChknr canRB e BRRYur b o ki b
A4l o ad prarud e 2R e du e Eadddp
refETvcr o hhr e rFbeofuenEl paxeh
ALEE T oA ad P f IR R g R W ER e

ALlibipitplanartkifdottodntblaeret

un&wwdhﬁ¢ﬂ+$?1¢hhﬁmﬂﬂﬁ?£fvmmﬂﬂﬁaT

Shows Amharic characters
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Appendix 2 Amharic number characters

5 &€ r o &£ 72 1 I ® 1
1 2 3 4 5 6 7 ] ] 10
£ 0 5 § ¥ ¢ W I ¢ &
20 40 a0 J<11] 70 a0 30 100 10000

Shows Amharic number characters

Appendix 3 special Amharic characters

Ll S AR ol bt ol B Ay SAe SR RN ) SR |l

ki |k™a|k™e| k™| h™ |h¥a| h¥ | h™i | k™ [ k™a | kK% | k™ | g"i

302|400 DDk W e | & &

g¥a | gV | g¥i|1Ma | b%a [z%a|t™a |m™a| t"a | 3%a | §"™a | r"a | f™a

2 A0S |8|4&0 K 2|9 &R

&™a |ts™a| s"a | n™a | d¥a |[fYa| [Ya | pYa | rfa | a | fa e

Shows special Amharic characters

Appendix 4 Amharic punctuation marks

L -

—_—
[]
L]

i

comma full stop fperiod colon semi-colon preface colan

Shows Ambharic punctuation marks
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Abstract

Text classification is getting more attention and there is an increasing need for text classification
technique that provides automatic, fast, and accurate classification with the least human
interaction with such systems. Many techniques of supervised learning and unsupervised
learning do exist in the literature for data classification. Semi-supervised learning is halfway
between the supervised and unsupervised learning. In addition to unlabeled data, the algorithm is

provided with some supervision information but not necessarily for all example data.

The paper explored the semi-supervised text classification which is applied to different types of
vectors that are generated from the Amharic text documents. 3,154 news articles were used to do
this research. To come up with good results document preparation and preprocessing was done.
Weka package is used for the classification of the preprocessed data. Machine learning
techniques, Expectation maximization clustering algorithm with Naive Bayes, Hyperpipe, and

RBF Network classification algorithm were used to categorize the Amharic news items.

The accuracy of the classifiers was better when the number of classes is less. The best result was
obtained by the Naive Bayes , Hyperpipe and RBF Networks classifiers with four classes (83.44
%, 82.8 and 82.4%) and the least performance is shown on the 10 categories (55.42%,57.26%
and 51.9%) respectively. This research indicated that Naive Bayes is more applicable to semi-
supervised categorization of Amharic news items.

Keywords: Text categorization, semi-supervised machine Learning, Naive Bayes, Hyperpipe
and RBF Networks



CHAPTER ONE

INTRODUCTION

1.1. Background

In today’s world, communicating with others via internet has become an integral part of life. It is
hard to find a college student, professional, or any educated person for that matter, who does not
use internet and send or receive e-mails. Also, it is an established fact that a lot of the
communication that occurs within companies and organizations is nowadays done by e-mails,
rather than memos or common bulletin boards. Modern Information Technologies and Web-
based services are faced with the problem of selecting, filtering and managing growing amounts
of textual information to which access is usually critical. Information Retrieval (IR) is seen as a
suitable methodology for automated management of information/knowledge as it includes
several techniques that support an accurate retrieval of information and the consequent user
satisfaction. Among others, the classification of electronic documents in general categories (e.g.,
Sport, Politic, Economy...) is an interesting means to improve the performances of IR systems
(Hirotoshi, 2002). It helps users to more easily browse the set of documents of their own
interests; sophisticated IR models can also take advantages of the categorized data. Automatic
organization of documents has become an important research issue since the explosion of digital
and online text information.

From the early 1990s a lot of work has been made in document classification tasks. The
effectiveness of many studies has dramatically improved thanks to the introduction of Machine
Learning methods into the Text Classification community.

Document classification can be defined as the process of assigning text documents to predefined
classes. Text classification can be made manually or automatically. Each of them has advantage
and disadvantage to the user (Gebrehiwot, 2011).Two of the most widely-used methods in
machine learning for prediction and data analysis are classification and clustering (Duda, 1997).
Classification is a supervised task, where supervision is provided in the form of a set of labeled

training data, each data point having a class label selected from a fixed set of classes (Mitchell,



1997). The goal in classification is to learn a function from the training data that gives the best
prediction of the class label of unseen (test) data points.

Generative models for classification learn the joint distribution of the data and class variables by
assuming a particular parametric form of the underlying distribution that generated the data
points in each class, and then apply Bayes Rule to obtain class conditional probabilities that are
used to predict the class labels for test points drawn from the same distribution, with unknown
class labels (Ng, 2002). In the discriminative framework, the focus is on learning the
discriminant function for the class boundaries or a posterior probability for the class labels
directly without learning the underlying generative densities (Jaakkola, 1999). It can be shown
that the discriminative model of classification has better generalization error than the generative
model under certain assumptions (Vapnik, 1998), which has made discriminative classifiers, e.g.,
support vector machines (Joachims, 1999) and nearest neighbor classifiers (Devroye, 1996), very
popular for the classification task.

Clustering is an unsupervised learning problem, which tries to group a set of points into clusters
such that points in the same cluster are more similar to each other than points in different
clusters, under a particular similarity metric (Jain, 1988). Here, the learning algorithm just
observes a set of points without observing any corresponding class/category labels. Clustering
problems can also be categorized as generative or discriminative. In the generative clustering
model, a parametric form of data generation is assumed, and the goal in the maximum likelihood
formulation is to find the parameters that maximize the probability (likelihood) of generation of
the data given the model. In the most general formulation, the number of clusters K is also
considered to be an unknown parameter. Such a clustering formulation is called a “model
selection” framework, since it has to choose the best value of K under which the clustering
model fits the data. In the discriminative clustering setting (e.g., graph-theoretic clustering), the
clustering algorithm tries to cluster the data so as to maximize within-cluster similarity and
minimize between-cluster similarity based on a particular similarity metric, where it is not
necessary to consider an underlying parametric data generation model. In both the generative and
discriminative models, clustering algorithms are generally posed as optimization problems and
solved by iterative methods like EM (Dempster, 1977), approximation algorithms like KMedian.
As the number of clusters and documents increase, the clustering solutions produced by k-means

and bisecting k-means become more internally cohesive and externally isolated. However, the



clustering results do not match better with the pre-defined classes and requires relatively high

computational requirements (Lakechew, 2011).

Both of them have their own advantages and disadvantages. Supervised algorithms assume that
the category structure or hierarchy of a text database is already known. They require a training
set of labeled documents and return a function that maps documents to the pre-defined class
labels. Knowing the category structure in advance and generation of correctly labeled training set
are very challenging or even impossible in large and dynamic text databases.

In unsupervised clustering, we have unlabelled collection of documents. The aim is to cluster the
documents without additional knowledge or intervention such that documents within a cluster are
more similar than documents between clusters.

Recently, there has been a lot of interest in the continuum between completely supervised and
unsupervised learning (Ghani, 2003). Many document classification tasks are most of all

supervised learning problems, since the process learns from pre-classified labeled documents.

1.2. Statement of the Problem

In many practical learning domains (e.g. text processing, bioinformatics), there is a large supply
of unlabeled Amharic data but limited labeled Amharic data, which can be expensive to generate.
To prevent this problems numerous researches have been conducted such as Zelalem (2001),
Surafel (2003), Yohannes (2007), Worku (2009), Alemu (2010), Zeleke (2010) and
Lakechew(2011) were conducted. Except the last researcher, who did on unsupervised text
categorization all researchers have done on supervised text categorization. Supervised text
categorization has the following limitations

First, it can be ambiguous: objects might have non-unique labeling or the labeling themselves
may be unreliable due to a disagreement among experts.

Second, it uses limited vocabulary: Typical labeling setting involves selecting a label from a list
of pre-specified labels which may not completely or precisely describe an object.

Third, supervised learning algorithms require a large, often excessive, number of labeled training
documents for the accurate learning (Kohavi, 1996). Since the application area of automatic text
categorization has diversified from articles and web pages to electronic mails and newsgroup

postings, it is a difficult task to create training data for each application area (Nigam, 2000).



According to Nigam et al. (Nigam, 2000), in supervised text classification, obtaining training
labels is expensive in huge volume of document collection. This is because in supervised text
classification labeling of training data is done by a person manually and this is a time consuming,
cumbersome and error prone process.

Fourth, Ozgur (Ozgur, 2004) concludes that unsupervised text classification techniques perform
better in terms of time complexity and the quality of clusters produced as compared to
supervised techniques. This shows that the overall similarities of the clustering solutions
obtained by the unsupervised techniques are higher than the supervised ones.

Fifth, supervised text classification algorithms are expensive and time consuming to organize
documents in to their categories. As Nigam et al. (Nigam, 2000) suggests, text clustering is a
useful and inexpensive way to organize vast text repositories into meaningful topic categories.
Furthermore, text clustering offers a low cost alternative to supervised classification, which relies
on expensive and difficult handwork to label training data (Massey, 2004).

On the other hand unsupervised learning has the following limitations

First, unsupervised learning is more difficult problem than supervised learning due to the lack of
a well-defined user-independent objective. Due to this reason, it is usually considered an ill-
posed problem that is exploratory in nature; that is, the users are expected to validate the output
of the unsupervised learning process. Devising a fully automatic unsupervised learning algorithm
that is applicable in a variety of data settings is an extremely difficult problem, and possibly
infeasible (Kang, 2003).

Second, unsupervised learning is less accurate than supervised text classifier. Since unsupervised
learning is natural grouping because of nosy data different documents may be classified in the
same group.

Third, unsupervised text classification algorithm is presumably the drive to create and apply
explicit rules led to increase study and test phase response times when compared with the
incidental conditions (Bradley, 2002).

Forth, interestingly, the subjects in the intentional conditions also performed worse in the filler
task involving arithmetic problems, possibly indicating increased fatigue or the attempted
rehearsal of study-phase items (Bradley, 2002).

Different from the unsupervised techniques, the supervised techniques use class label

information in addition to the similarity information between documents. For this reason, it is



expected that the clusters (groups) obtained by the supervised techniques are of higher quality
compared to the unsupervised techniques. However, the best performers of the unsupervised
techniques k-means and bisecting k-means achieve generally better performance than
NaiveBayes and not much worse performance than k-NN, which are supervised techniques, in
terms of entropy, purity, overall similarity and F-measure. In the supervised document
classification there may be bias or misclassification. Another observation is that, compared with
the supervised techniques the unsupervised techniques generally achieve higher overall similarity
performance. This is due to the fact that they make decisions depending only on the similarity
information between documents. On the other hand the supervised techniques use a labeled
training set. This observation has made us think that there may be some outliers in the labeled
training set that leads to decrease in the overall similarity of the clusters obtained and
unsupervised techniques can be used to enhance the task of pre-defining categories and labeling
documents in the training set. Consequently, learning from a combination of both labeled and
unlabeled data, has become a topic of significant recent interest. Unlabeled data is available in
abundance, but it is difficult to learn the underlying structure of the data. Labeled data is scarce
but is easier to learn from. Semi-supervised learning is designed to alleviate the problems of
supervised and unsupervised learning problems, and has gained significant interest in the
machine learning research community. The framework of semi-supervised approach is
applicable to both classification and clustering. Semi-supervised classification algorithms train a
classifier given both labeled and unlabeled data.

Most semi-supervised learning algorithms developed to modify existing supervised or
unsupervised algorithms, or devise new approaches. Semi-supervised classification has received
significant amount of interest, as it provides a way to utilize the large amount of readily available
unlabeled data for improving the classifier performance. Semi-supervised classification has been
successfully applied to various applications in computer vision and machine learning, such as
text classification, human computer interaction, content based image retrieval , object detection,
person identification , relevance feedback, computational linguistics and protein categorization,
to name a few. Similarly, side-information such as pairwise constraints has been utilized to
improve the performance of clustering algorithms by aiding them in arriving at a clustering
desired by the user. Semi-supervised learning continues to pose both theoretical and practical

questions to researchers in the machine learning. There is also an increasing interest in the fields



of cognitive sciences and human psychology since there are demonstrated settings where humans

performed semi-supervised learning (Kang, 2003).

In order to maximize the accuracy, similarity performance, and other things the researcher has

explored application of semi-supervised approach for text classification for Amharic documents.

To this end, this study attempts to address the following research questions:

v
v

1.3.
1.3.1.

Which classification algorithm is best for classifying Amharic text documents?

Which clustering algorithm is more suitable for labeling unlabeled Ambharic text
documents?

Which learning approach is more appropriate for creating classification model that helps
in Amharic text categorization?

To what extent the semi-supervised model is able to predict according to the experts

judgment?

Objective of the study

General Objective

The main objective of this study is to explore automatic Amharic text classification, using both

labeled and unlabeled data or supervised and unsupervised machine learning approaches.

1.3.2.

Specific objective

The specific objectives are:

+

-+ & + &

To apply semi-supervised learning approach that improves the existing and established
supervised and unsupervised learning algorithms without having to modify them. That is
an algorithm that utilizes unlabeled data along with the labeled data while training
classifiers.

To review literature on the concepts, techniques and tools of text classification
particularly in the area of semi-supervised learning.

To select suitable techniques for classifying Amharic text news.

To design Amharic news text classification architecture

To design a prototype Amharic text news classifier.

To evaluate the performances of the prototype Amharic text news classification system.
To recommend research direction for future work(s) in the area of automatic Amharic

text classification.



1.4. Methodology

The methodology that was used for this study includes knowledge discovery in text (KDT)
approach that is recommended by Karanikas et al. (Arzucan, 2002). KDT is a multi-step process,
which includes all the tasks from the gathering of documents to the visualization of the extracted
information. In this research, the three phase KDT process used to achieve the above objectives

and it is adapted from the previous researcher.

1.5. Literature review

To get more information about text categorization and the tools and techniques that the
researchers used before the researcher referred to text books and also discussion with ENA

workers was held.

1.6. Data source and data set preparation

The data sets collected from Ethiopian News Agency (ENA) because in this organization almost
all works or classifications are made manually, which is tedious. The researcher used the data
collected and used by the previous researchers who did their research in ENA and also collect
additional data from ENA. The format of data sets converted in to text for pre processing. The
preprocessing had two steps. The first step was removing the irrelevant characters from the

corpus. The second step was performing the preprocessing. Both tasks were done using python.

1.7. Design procedures

Categorization of Amharic documents has been developed using three steps. These are
preprocessing, clustering and classification. The first task is to preprocess, which includes
tokenization, normalization, stop words removal and stemming. The second task is to cluster
documents in a structured organization of semi labeled classes.

The idea is to perform a preliminary classification of documents using only the labels associated
with the categories and the relationships between classes. This is the unsupervised classification
problem. The third task is to classify documents in a structured organization of full labeled

classes.



1.8. Tools and Techniques

As it is mentioned, the main objective of this study is to categorize Amharic documents. Text
categorization includes clustering and classification of different Amharic documents. This task

handled by using weka, because it is easy to use and has a graphical user interface.

1.9. Evaluation Techniques

We need evaluation methods to compare various text classifiers. Evaluation of a classifier can be
conducted by measuring its efficiency and its effectiveness. Efficiency is typically measured by
using the elapsed processor time and it refers to the ability of a classifier to run fast. Efficiency
of a classifier can usually be measured on two dimensions: learning efficiency (i.e., the time a
machine learning algorithm takes to generate a classifier from a set of training examples) and
categorization efficiency (i.e., the time the classifier takes to assign appropriate categories to a
new document). Because of the unstable nature of parameters on which the evaluation depends,
efficiency is rarely used as the singular performance measure in text categorization. However,
efficiency is important for the practical application of the system.

A much more common evaluation method for text categorization systems is effectiveness: this
refers to the ability to take the right decisions on the categorization of new incoming documents.
There are several commonly used performance measures of effectiveness. However, there is no
agreement on one single measure for use in all applications. Indeed, the type of measure that is
preferable depends on the characteristics of the test data set and on the user’s interests. The
absence of one optimal measure of effectiveness makes it very difficult to compare the relative
effectiveness of classifiers. The system has been evaluated based on its efficiency and

effectiveness.

1.10. Scope of the study

The scope of this study is limited to investigate the feasibility of designing Amharic news text
classification system using semi-supervised approach. In this study, different classification
algorithms, such as, Naive Bayes, HyperPipe, RBF Networks and the EM clustering algorithms
were used. The study is limited only to classification of text news items from ENA. HTML

documents, image documents and others were not considered in this study.



1.11. Significance of the study

Semi-supervised Learning (SSL) takes advantage of a large amount of unlabeled data to enhance
classification accuracy. Its application to text categorization is stimulated by the easy availability
of an overwhelming number of unannotated documents, in contrast to the limited number of
annotated ones. Intuitively, corpora with different topics may not be content wise related,
however, word usage exhibits consistent patterns within a language. The main purpose of this
work is to address Amharic news classification task. This can be explored in a process that
exploits a taxonomic structure, approaching both the unsupervised and the supervised problem.
The first goal can be conceived as the activity of finding a hypothesis of the right location of a
document taking into account only the structured organization of classes. Then locate each
cluster in different categories. This enables the user to find and locate Amharic documents in

simple and easy way.

1.12. Thesis Organization

This thesis is organized into six chapters: Chapter 1 - Introduction; Chapter 2- Literature Review;
Chapter 3 — The Amharic Language and its Writing system; Chapter 4 - Methodology Chapter-5
Experiment and Performance Evaluation and Chapter 6 — Conclusion and Recommendations.

Chapter one includes background, statement of the problem, objectives of the study,
methodology, scope and applications of the study. Chapter 2 discuses different text classification
approaches, document preprocessing and representation, overview of the different classification
and clustering algorithms and evaluation techniques. Chapter 3 gives highlight about Amharic
writing system. Chapter 4 discusses details of methodology adopted and chapter 5 presents the
experimental results and findings of the study. In chapter 6 summarizes findings of this study and

recommendations are given for further research.



CHAPTER TWO

LITERATURE REVIEW

Introduction

With the ever-increasing volume of text data from various online sources, it is an important task
to categorize or classify these text documents into categories that are manageable and easy to
understand. Text classification is the task of assigning previously unseen documents to
appropriate predefined categories. The task is commonly described as follows: Given a set of
labeled training documents of n classes, the system uses this training set to build a classifier,
which is then used to classify new documents into the n classes. The problem has been studied
extensively in information retrieval, machine learning and natural language processing. The
supervised machine learning approach makes this automatic, by learning classifiers from a set of
training examples. For most supervised learning algorithms, building accurate classifiers needs a
large volume of manually labeled examples. This manual labeling process is time-consuming,
expensive, and will have some level of inconsistency (kang, 2003). This problem motivates the
researcher work towards a text categorization system that can achieve a satisfactory level of

performance with fewer training examples.

Many machine learning algorithms have been developed and applied to the construction of
classifiers. They can usually be grouped into rule-based, probability based, and similarity-based
learning algorithms. This thesis focuses on the similarity based approach. This builds upon the
large volume of previous work in the area of text categorization that has adopted this approach.
The similarity-based approach offers the possibility of exploring statistical information that may

capture the target concepts hidden in documents (kang, 2003).

2.1. Text Categorization

In this section, the paper gives an overview of text categorization. First defines the text
categorization task and discusses ambiguities in most natural languages on which classifiers
should be built. Then, discusses two general approaches, “knowledge engineering” and “machine

learning”, to the construction of classifiers and why the researcher is focusing on a machine
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learning approach. This section also describes characteristics of the domain of text categorization

that make this task difficult for a machine learning approach.

2.1.1. A Definition of Text Categorization

Text classification (also known as text categorization) is the automated assignment of natural
language text to appropriate thematic categories, based on its content. A set of categories is
predefined manually (Arzucan, 2002).

Two different types of text categorization task can be identified depending on the number of
categories that could be assigned to each document. The first type, in which exactly one category
is assigned to each dj € D, is regarded as the single-class (or nonoverlapping categories) text
categorization task. The second type, in which any number of categories from zero to |C| may be
assigned to each dj €D, is called the multi-class (or overlapping categories) task (Sebastiani,
2002). A special type of multi-class text categorization is one where each document is assigned
to the same number k, where k > 1, of categories. The answer to the question of which type of
text categorization should be adopted for a given text categorization system depends on the

application and characteristics of the corpus (kang, 2003).

Most semi-supervised learning methods are extensions of existing supervised and unsupervised
algorithms. Therefore, before introducing the developments in semi-supervised learning

literature, it is useful to briefly review supervised and unsupervised learning approaches.

2.1.2. Ambiguities in Natural Language Text

In most content-based text classification systems, an important issue is how they can capture the
meaning of the natural language texts. Obtaining accurate classifiers requires the system to
understand the natural languages at some level. Understanding natural languages, however, is a

difficult task due to ambiguities in them:

1. The same sentence may have different meanings. For example, consider a sentence like
“Salespeople sold the dog biscuits” (an example from Charniak, 2003). This sentence can
be interpreted in two different ways: (1) the salespeople are selling the dog-biscuits and
(2) the salespeople are selling biscuits to dogs.

2. There is the large number of synonyms — syntactically different words with the same or

similar meanings in natural languages. It is regarded as good writing style not to
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repeatedly use the same word for expressing a particular idea (or concept). Synonyms
allow the same idea to be expressed by different words that have a similar meaning.

3. Polysemy refers to an ambiguity where words which are spelled the same can have
different meanings in different sentences or documents. For example, the word “bat” may
mean (1) an implement used in sports to hit the ball or (2) a flying mammal.

Resolving such ambiguities is probably beneficial to text categorization when there are many
words in common across categories, even though it may not have a huge impact on the overall

text categorization performance.

2.1.3. Knowledge Engineering versus Machine Learning Approach

There are two different ways of constructing classifiers, the function: D x C {T, F}. They are
“knowledge engineering” and “machine learning” approaches. In the knowledge engineering
approach, human experts (including knowledge engineers and domain experts) manually create a
set of rules that correctly categorize previously unseen documents under given categories. While
allowing for semantically-oriented text categorization, by defining controlled vocabularies which
can be interpreted by the text categorization system (Brasethvik, 2001), manually determining
such a solution imposes a considerable workload on human experts. This makes it time

consuming and expensive.

Also, this manual approach may cause inconsistency since human experts often disagree on the
assigned categories of documents and even one person may categorize documents inconsistently
(Apte, 1994). As a result, these problems for the knowledge engineering approach cause the
bottleneck of encoding large amounts of incomplete and potentially conflicting expert

knowledge.

The machine learning approach to text categorization is to automatically build the classifiers by
learning the concept descriptions of the categories. One type of machine learning, applied to text
categorization, is “supervised learning”. This requires a set of pre-labeled (pre-categorized)
training documents for generating classifiers. By contrast, “unsupervised learning” refers to the
task of automatically identifying a set of categories from a set of unlabeled documents and

grouping these unlabeled documents under these identified categories (Merkl, 1998).
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The advantages of the machine learning approach over knowledge engineering are the
considerable reduction in the volume of work required from human experts, consistent text
categorization, and the capability of easily adjusting the generated classifier to handle different
types of documents (such as newspaper articles, newsgroup postings, electronic mails, etc.) and

even languages other than English.

2.1.4. Difficulties for the Machine Learning Approach

The unstructured format of natural language text and the diversity of target concepts associated
with the categories, present interesting challenges to the content based application of machine
learning algorithms. The large number of input features, that seem necessary for the construction
of classifiers, overwhelms most text categorization systems. For most machine learning
algorithms, increasing the number of features means that they have to use more training
examples to obtain the same level of text categorization performance. This large number of
training examples and features may be computationally intractable for most machine learning

algorithms, by requiring unacceptably large processing time and memory.(kang, 2003)

Of the large number of features, there are usually many features that appear in most documents.
These words can be considered irrelevant, in the sense that such features are evenly distributed
throughout documents and, as a result, have no discriminating power. It is important for the
efficiency and effectiveness of the system to select an efficient subset of features, by removing
these irrelevant ones. However, it is a difficult task since a reasonable feature subset size might
be different across the categories and some informative features for a given category could be
distributed across several categories. For example, depending on the level of concept complexity,
some categories require a large number of features to describe their concepts while others need a
relatively small number of features. Also, informative features in the overlapping categories
might be evenly distributed across such overlapping categories and could be considered as

irrelevant ones.(kang, 2003)
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2.2. Text categorization approaches

2.2.1. Supervised learning

Supervised learning aims to learn a mapping function f: X — Y, where X and Y are input and
output spaces, respectively (e.g. classification and regression (Duda, 2000). The process of
learning the mapping function is called training and the set of labeled objects used is called the
training data or the training set. The mapping, once learned, can be used to predict the labels of
the objects that were not seen during the training phase. Several pattern recognition (Duda, 2000)
and machine learning (Mitchell, 1998) textbooks discuss supervised learning extensively. A brief

overview of supervised learning algorithms is presented in this section.

Supervised learning methods can be broadly divided into generative or discriminative
approaches. Generative models assume that the data is independently and identically distributed
and is generated by a parameterized probability density function. The parameters are estimated
using methods like the Maximum Likelihood Estimation (MLE), Maximum A Posteriori
estimation (MAP) (Duda, 2000), Empirical Bayes and Variational Bayes (Bishop, 2006).
Probabilistic methods could further be divided into frequentst or Bayesian. Frequentst methods
estimate parameters based on the observed data alone, while Bayesian methods allow for
inclusion of prior knowledge about the unknown parameters. Examples of this approach include

the Naive Bayes classifier, Bayesian linear and quadratic discriminants to name a few.

Instead of modeling the data generation process, discriminative methods directly model the
decision boundary between the classes. The decision boundary is represented as a parametric
function of data, and the parameters are learned by minimizing the classification error on the
training set (Duda, 2000). Empirical Risk Minimization (ERM) is a widely adopted principle in
discriminative supervised learning. This is largely the approach taken by Neural Networks
(Bishop, 2005) and Logistic Regression (Bishop, 2006). As opposed to probabilistic methods,
these do not assume any specific distribution on the generation of data, but model the decision

boundary directly.

Most methods following the ERM principle suffer from poor generalization performance. This
was overcome by Vapnik’s (kang, 2003) Structural Risk Minimization (SRM) principle which

adds a regularity criterion to the empirical risk that selects a classifier with good generalization
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ability. This led to the development of Support Vector Machines (SVMs) which regularize the
complexity of classifiers while simultaneously minimizing the empirical error. Methods
following ERM such as neural networks and Logistic Regression are extended to their
regularized versions that follow SRM (Bishop, 2006).

2.2.1.1.  Classification Algorithms
Supervised algorithms assume that the category structure or hierarchy of a text database is
already known. They require a training set of labeled documents and return a function that maps
documents to the pre-defined class labels. As discussed previously, knowing the category
structure in advance and generation of correctly labeled training set are very challenging or even

impossible in large and dynamic text databases.

A wide range of classification algorithms have been developed through time with different
underlying models and different theories of how a classifier should be built. These algorithms
have different inductive biases that affect their performance on a data set, and consequently, it is
important to find the inductive bias that best fits the data set. This can be done empirically by
applying a set of different machine learning algorithms and selecting the algorithm that performs
the best(Stig-Erland, 2007).

In this section the paper discuss the most popular supervised algorithms.

2.2.1.1.1. Bayes

Bayesian algorithms are based on Bayes’ Theorem, which is defined as

P(h|d) =
....................................... equation 1

where the h corresponds to a hypothesis, namely a prediction of a particular class, and the d
represents the attributes of the unlabeled instance.

Naive Bayes

The naive Bayes (NB) classifier is a probabilistic model that uses the joint probabilities of terms
and categories to estimate the probabilities of categories given a test document (Mitchell, 1999).
The naive part of the classifier comes from the simplifying assumption that all terms are
conditionally independent of each other given a category. Because of this independence

15



assumption, the parameters for each term can be learned separately and this simplifies and

speeds the computation operations compared to non-naive Bayes classifiers.

There are two common event models for NB text classification, discussed by McCallum and
Nigam , multinomial model and multivariate Bernoulli model. In both models classification of

test documents is performed by applying the Bayes’ rule (Mitchell, 1999):
P(cj|jdi) = P(cj) . P(dij|cj)

PI) equation 2

where di is a test document and cj is a category. The posterior probability of each category cj
given the test document di, i.e. P(cj|di), is calculated and the category with the highest
probability is assigned to di. In order to calculate P(cj|di), P(cj) and P(di|cj) have to be estimated
from the training set of documents. Note that P(di) is same for each category so we can eliminate

it from the computation.

Multinomial Model

In the multinomial model a document di is an ordered sequence of term events, drawn from the
term space T. The naive Bayes assumption is that the probability of each term event is
independent of term’s context, position in the document, and length of the document. So, each
document di is drawn from a multinomial distribution of terms with number of independent trials
equal to the length of di(kang, 2003).

Multivariate Bernoulli Model
Multivariate Bernoulli model for naive Bayes classification is the event model. In this model a
document is represented by a vector of binary features indicating the terms that occur and that do

not occur in the document.

Here, the document is the event and absence or presences of terms are the attributes of the event.
The naive Bayes assumption is that the probability of each term being present in a document is

independent of the presence of other terms in a document.
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To state differently, the absence or presence of each term is dependent only on the category of

the document.

Different from the multinomial model, the multivariate Bernoulli model does not take into
account the number of times each term occurs in the document, and it explicitly includes the
non-occurrence probability of terms that are absent in the document (McCallum,1998).

2.2.1.1.2. Lazy

Lazy learning algorithms differ from the other classification algorithms in that the training of the
classifier is postponed until classification. This allows the classifier to be customized according
to each unlabeled instance at the expense of being computational intensive if there are many
instances to classify(Stig-Erland, 2007).

IB1

IB1 is a nearest neighbour algorithm that determines the class of an unlabeled instance according
to the class of the nearest training instance. The distance between two instances are calculated
using the euclidean distance(Stig-Erland, 2007).

T

S - by

L, equation 3

where ai and bi are the attributes i of the instances a and b.

IBK

IBk is similar to IB1, but it uses the k nearest neighbours instead of only one. The predicted class
is determined by the majority vote where each instance places a vote on its corresponding
class(Schmitter, 2006).

K*

K* is a nearest neighbour algorithm that employs, instead the Euclidean distance, an entropic
distance function computing the probability of randomly transforming one instance into another.
Each class receives a vote from each instance with a weight equal to the distance from it to the

unlabeled instance, and the class with the most votes is selected (Liszka,1999).
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Locally Weighted Learning

Locally weighted learning (LWL) selects a subset of the training instances, where each instance
is weighted according to the unlabeled instance.

A k nearest neighbour algorithm is applied to select the subset of instances, and the weight is

calculated by a weighting function taking the euclidean distance as input.

2.2.1.1.3. Functions
These algorithms have mathematical or statistical foundations and create models that can be
represented mathematically through functions. They are a mix of regression and classification
algorithms (Stig-Erland, 2007).
Linear Regression
Linear regression (LinReg) is a standard linear regression algorithm that expresses the numerical
class as a linear combination of the attributes. The coefficients of these attributes are calculated
using the least-square method (Stig-Erland, 2007).
Logistic
Logistic builds logistic regression models and is implemented according to with some
modifications. These models have similar properties to linear regression models, but the target
attribute is transformed using the logit function and the weights are found by maximizing the
log-likelihood instead of minimizing the sum of squared errors (Wang, 1993).
Simple Logistic
Simple Logistic (SLogistic) also builds logistic regression models, but it uses another strategy
than Logistic involving LogitBoost and a base learner constructing simple regression models
containing only the attribute yielding the minimum squared error. The number of boosting
iterations used is determined by cross-validation (Witten, 2005).
Multilayer Perceptron
Multilayer Perceptron (MP) is a neural network algorithm that optimizes the weights of neural
network using back propagation. The input layer comprises a bias node in addition to a node for
each attribute after the nominal attributes have been converted to binary attributes. The hidden
layer also contains a bias node in addition to n nodes determined by the following expression

1+ o

L, equation 4
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where i and o is the number of nodes in the input and output layer. The output layer is composed
of a node for each class (Stig-Erland, 2007). The activation function for the nodes in the hidden
and output layer is the sigmoid function.

RBF Network

RBF Network (RBFN) trains a radial basis function network, which is a type neural network.
The network has three layers: an input layer with a node for each attribute; a hidden layer where
each node has a Gaussian radial basis function as activation function, created using a clustering
method called KMeans (Martin, 1995); and an output layer containing a node for each class with
sigmoid as activation function.

SMO

SMO, proposed by John Platt, is a sequential minimum optimization algorithm for training
support vector machines (SVM). The algorithm finds the maximum margin hyperplane
represented as a set of vectors known as support vectors. In order to solve non-linear problems
with this linear classifier, the instance space is transformed using a non-linear kernel function.

We chose to use the default polynomial kernel (Stig-Erland, 2007).

Support Vector Machines

Support Vector Machines (SVM) is a technique introduced by Vapnik in 1995, which is based on
the Structural Risk Minimization principle. It is designed for solving two-class pattern
recognition problems. The problem is to find the decision surface that separates the positive and

negative training examples of a category with maximum margin.

For the linearly separable case, the decision surface is a hyperplane that can be written as (Yang,
1999):

W*d+b=0 ... equation 5

where d is a document to be classified, and vector w and constant b are learned from the training

set. The SVM problem is to find w and b that satisfy the following constraints (Joachims, 1998):
Minimize |jw]f?

sothat Vi:yilw*d+b)>1..................... equation 6
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Here, i € {1, 2 ...N}, where N is the number of documents in the training set; and y; equals +1 if

document di is a positive example for the category being considered and equals -1 otherwise.

Most of the classifiers implicitly or explicitly require the data to be represented as a vector in a
suitable vector space, and are not directly applicable to nominal and ordinal features (Tan, 2005).
Also, most discriminative classifiers have been developed for only two classes. Multiclass
classifiers are realized by combining multiple binary (2-class) classifiers, or using coding
methods (Cohen, 1996).

Voted Perceptron

Voted perceptron (VP) (Freund, 1998) transforms the input space using a polynomial kernel as
SMO, but it uses the perceptron (Rosenblatt, 1988) algorithm to train the classifier.

During training, it stores all the intermediate prediction vectors, namely the coefficients of the
attributes, along with a weight of how many iterations they persisted without change. When
classifying, each prediction vector votes on a class according to its weight, and the majority vote

determines the predicted class.

22.1.14. Trees

These algorithms induce decision trees as classifiers, which basically contains two types of
nodes: decision nodes and leaf nodes. Decision nodes are internal nodes containing a test on a
specific attribute that determines which of the underlying branches an unlabeled instance should
follow. Traversal continues from the root until a leaf node is encountered, and the leaf node
predicts the class of the instance by utilizing a prediction function.

Decision trees is one of the earliest classifier (Sahami, 1998), that can handle handle a variety of
data with a mix of both real, nominal, missing features and multiple classes. It also provides
interpretable classifiers, which give a user an insight about which features are contributing for a
particular class being predicted for a given input example. Decision trees could produce complex
decision rules, and are sensitive to noise in the data. Their complexity can be controlled by using
approaches like pruning; however, in practice classifiers like SVM or Nearest Neighbor have

been shown to outperform decision trees on vector data.

Decision tree learning is composed of building and pruning. A decision tree is typically built by

recursively selecting the most promising attribute and splitting the training set accordingly until
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all instances belong to the same class or all attributes have already been used. The most
promising attribute is determined by the attribute maximizing the splitting criterion.

The role of pruning is to simplify the decision tree either during or after building(Stig-Erland,
2007).

ID3

ID3 is one of the first decision tree learners proposed, and it employs information gain as
splitting criterion. Since it does not support continuous or missing attribute values, it can only
solve a limited set of problems (Quinlan, 1986).

J4.8

J4.8 is an implementation of Quinlan’s popular C4.5 (Quinlan, 1993) decision tree learner and it
improves upon 1D3 in several areas. First, it replaces the information gain splitting criterion with
gain ratio since information gain favors attributes with many values. Second, it supports both
continuous and missing values, and it performs pruning using error based pruning (EBP).
REPTree

REPTree is a fast decision tree learner. it uses information gain instead of gain ratio and reduce
error pruning instead of EBP.

NBTree

NBTree is a hybrid algorithm that creates decision trees with Naive Bayes classifiers at the
leaves learned from the training instances reaching the node. It follows the standard decision tree
learning algorithm and uses the mean accuracy of creating a Naive Bayes classifier at a given
node according to 10-fold cross-validation as splitting criterion(Kohavi, 1996).

Logistic Model Trees

Logistic Model Trees (LMT) (Landwehr, 2005) builds decision trees with logistic regression
models at the leaves, which are iteratively created using Simple Logistic. The trees are built
similarly to C4.5 by selecting attributes according to the gain ratio splitting criterion until there
are no more attributes, all the instances have the same class or there are less than 16 instances.
Pruning is performed using the pruning algorithm employed by the decision tree learner, CART
(Breiman, 1984).

M5’

M5’ (E. Frank, 1998) is a reconstruction of Quinlan’s M5 (Quinlan, 1992) that creates decision
trees with linear regression models at the leaves. It chooses the attribute at each decision node
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that maximizes the standard deviation reduction of the class of the training instances reaching the
node. When the tree is built, it traverses upwards from the leaves, while adding linear regression
models at the nodes and possibly removing nodes if necessary. The predicted class value of an
unlabeled instance is determined based on the output of all the linear regression models
encountered when traversing the tree.

Decision Stump

Decision Stump (DS) induces simple decision trees, known as decision stumps, with only a
single decision node. This node has a boolean test, which for a nominal attribute tests whether
the attribute is equal to a specific value and for a continuous attribute tests whether the attribute
is less or equal to a threshold. This algorithm is normally executed through ensemble algorithms
like bagging and boosting (Stig-Erland, 2007).

Random Forest

Random Forest (RF) (Breiman, 2001) uses bagging in combination with a random tree inducer.
The random tree inducer builds a tree by choosing at a given node the best attribute among a set
of randomly selected attributes.

ADTree

ADTree (Freund, 1999) creates what is known as an alternative decision tree by using boosting
to add the different branches. An alternative decision tree is simply a set of interconnected
decision stumps with numerical leaves, where each leaf may be connected to a set of other
stumps.

The tree is used to classify unlabeled instances with binary classes by summing all the numerical
nodes encountered while following the different paths of the tree applicable for the instances.

The sign of this value determines the predicted class.

2.2.1.1.5. Rules

This group contains algorithms that create classifiers which are rule sets. Rule sets are intuitive
and easier for humans to interpret than other classifiers like decision trees.

JRip

JRIP is an implementation of RIPPER (Cohen, 1995) with some minor modifications added to
fix what appear to be two bugs in the original algorithm. It induces each rule of the final rule set
in two steps. Firstly, the rule is grown by continually adding antecedents until it matches only
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training instances with a specific class. Secondly, the rule is iteratively pruned by processing the
antecedents in reverse order.

OneR

OneR is a simple algorithm that creates a rule set for each attribute and chooses the rule set with
the lowest error rate on the training data. Each rule set comprises a rule for each value of a
particular attribute that predicts the majority class of the training instances matching the
rule(Stig-Erland, 2007).

ZeroR

ZeroR is the simplest of all classification algorithms, and it only predicts the majority class of the
training set. This algorithm provides an upper bound of the error rate that all other classification
algorithms should be smaller than (Stig-Erland, 2007).

DecisionTable

DecisionTable (DT) (Kohavi, 1995) constructs a decision table classifier, which simply a table is
containing the training instances with only a subset of their attributes included. The optimal
subset of the attributes is found using best-first search combined with cross-validation where the
DecisionTable algorithm is executed for different subsets. An unlabeled instance is classified as
the majority class of the matching instances in the table, but if there are no matching instances,

the majority class of all training instances is predicted instead.
PART

PART (Frank, 1998) creates a rule set by repeatably creating pruned decision trees using J4.8,
converting them to rules and removing the training instances matching the rule until all training

instances are covered by at least one rule.

Each rule is created according to the path from the root of the decision tree to leaf covering the
most training instances. In order to preserve computational resources, only partial decision trees

are constructed where branches are expanded as needed.
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M5Rules

M5Rules (Holmes, 1999) builds regression rules using the same algorithm as Part except it

generates trees using M5’ instead of J4.8.
Ridor

Ridor is a Rlpple DOwn Rule learner that first creates a default rule predicting the majority class
of the training instances and then recursively adds exceptions to this rule until all training
instances are classified correctly according to the rule set. A separate validation set is utilized to
find the most accurate exception at each step (Stig-Erland, 2007).

NNge

NNge is a nearest neighbour algorithm forming non-nested general exemplars. A general
exemplar is a hyper-rectangle that encompasses a set of training instances sharing the same class.
In this way, each general exemplar is like a rule, and the nearest exemplar determines the class of
an unlabeled instance(Stig-Erland, 2007).

2.2.1.1.6. Misc
This group contains the algorithms that do not fit naturally into any of the other groups.

HyperPipes

HyperPipes (HP) is a simple and extremely fast classification algorithm that constructs a set of
attribute ranges for each class. For nominal attributes, the range is the set of values observed for
a particular attribute of the training instances matching a specific class. The range is found
similarly for continuous attributes except the range is not a subset, but an interval ranging from
the minimum to the maximum observed attribute value. Classification is performed by selecting

the class with the most matching attribute ranges (Stig-Erland, 2007).
VFI

VFI (G. Demiroz , 1997) constructs a set of intervals for each attribute similarly to Hyper- Pipes,
but these intervals are not bound to a specific class. Thus, each interval contains a class count for

each class according to the training instances that fall into it. Continuous attributes are basically
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discretised into a set of intervals, and an interval for nominal attributes is defined as a single
attribute value. An unlabeled instance is classified using the majority vote, where each matching

attribute interval is allowed to vote.

2.2.1.1.7. Ensemble

Ensemble classifiers are meta-classification algorithms that combine multiple component
classifiers (called base classifiers) to obtain a meta-classifier with the hope that they will perform
better than any of the individual component classifiers. Bagging (Breiman, 1996) and Boosting
(Freund, 1996) are the two most popular methods in this class. Bagging is a short form for
bootstrap aggregation, which trains multiple instances of a classifier on different subsamples
(bootstrap samples) of the training data. The decision on an unseen test example is taken by a
majority vote among the base classifiers. Boosting, on the other hand, samples training data more
intelligently by sampling examples that are difficult for the existing ensemble to classify with a
higher preference.

Ensemble algorithms use a base learning algorithm to create an ensemble of classifiers and
combine these classifiers to reach a prediction. These algorithms differ in how the base learning
algorithm is applied and how they combine the classifiers. The first two algorithms enhance the
abilities of the base learner, making it possible to solve previously unsupported problems, while

the last two enhance the performance of the base learning algorithm(Stig-Erland, 2007).
ClassificationViaRegression

ClassificationViaRegression allows a regression algorithm to solve classification problems. It
creates a data set for each class using a 1-against-all encoding where the class is 1 if it is equal to
the current class and 0 otherwise. A regression model is created for each class based on these
data sets, and classification is performed by predicting the class belonging to the model yielding
the greatest value (Stig-Erland, 2007).

MultiClassClassifier

MultiClassClassifier makes it possible to solve multi-class problems with algorithms that only
support binary classes. This is possible through several methods, but we chose the default 1-

against-all method explained in the previous section.
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Bagging

Bagging (Breiman, 1996) creates an ensemble of classifiers in order to increase the accuracy by
stabilizing the base learning algorithm, or in other words decrease its variance. This is done by
generating a set of “new” training sets using bootstrapping and applying the base learning

algorithm on these data sets.

Prediction is determined by the majority vote of the ensemble. The success of bagging depends
heavily on the properties of the base learning algorithm. It should be unstable, meaning that it is

sensitive to small changes in the training set, so that its variance can be decreased.
AdaBoost.M1

AdaBoost.M1 (Freund, 1996) is a boosting algorithm that builds an ensemble of classifiers by
forcing the base learning algorithm to focus on the instances that the previous classifiers had
problems classifying correctly. This is done by accompanying every training instance with a
weight representing the severity of misclassification such that the error rate is calculated as the

sum of the weights of the misclassified instances divided by the sum of all the weights.

Initially, each instance has equal weights, but after a new classifier is induced, the weights are

updated so that misclassified instances increase in weight while the other instances decrease.

K -Nearest Neighbor Classification
K-NN (k-nearest neighbor) classification is a popular instance-based learning method (Mitchell)

that has been shown to be a strong performer in the task of text categorization (Yang, 1999).

The algorithm works as follows: First, given a test document x, the k nearest neighbors among
the training documents are found. The category labels of these neighbors are used to estimate the
category of the test document. In the traditional approach, the most common category label

among the k-nearest neighbors is assigned to the test document.

Weighted k-NN is a refinement to the traditional approach. In weighted k-NN, the contribution
of each of the k nearest neighbors is weighted according to its similarity to the test document x.

Then, for each category, the similarities of the neighbors belonging to that category are summed
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to obtain the score of the category for x. That is, the score of category cj for the test document x
is(Arzucan, 2002)

score{c;,x) = > cos(x,d;) - y(di, c;)

GENGD equation 7
where di is a training document; N(x) is the set of the k training documents nearest to x; cos(x;
di) is the cosine similarity between the test document x and the training document di; and y(di;
cj) is a function whose value is 1 if di belongs to category cj and 0 otherwise. The test document

X is assigned to the category with the highest score.

2.2.2.  Unsupervised learning

Unsupervised learning or clustering is a significantly more difficult problem than classification
because of the absence of labels on the training data. Given a set of objects, or a set of pair wise
similarities between the objects, the goal of clustering is to find natural groupings (clusters) in
the data. The mathematical definition of what is considered a natural grouping defines the
clustering algorithm. A very large number of clustering algorithms have already been published,
and new ones continue to appear (Jain, 1999). There are different clustering algorithms and the

following are a few representative.

Parametric mixture models are well known in statistics and machine learning communities
(McLachlan, 1987). A mixture of parametric distributions, in particular, GMM (McLachlan,
2000) has been extensively used for clustering. GMMs are limited by the assumption that each
component is homogeneous, unimodal, and generated using a Gaussian density. Latent Dirichlet
Allocation ( Blei, 2003) is a multinomial mixture model that has become the de facto standard

for text clustering.

Several mixture models have been extended to their non-parametric form by taking the number
of components to infinity in the limit (Teh, 2006). A non-parametric prior is used in the
generative process of these infinite models (e.g. Dirichlet Process) for clustering in (Teh, 2006).
One of the key advantages offered by the non-parametric prior based approaches is that they
adjust their complexity to fit the data by choosing the appropriate number of parametric
components. Hierarchical Topic Models (Blei, 2004) are clustering approaches that have seen

huge success in clustering text data.
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Kernel K-means is a related kernel based algorithm, which generalizes the Euclidean distance
based K-means to arbitrary metrics in the feature space. Using the kernel trick, the data is first
mapped into a higher dimensional space using a possibly non-linear map, and a K-means

clustering is performed in the higher dimensional space.
Non-parametric density based methods are popular in the data mining community.

Mean-shift clustering (Comaniciu, 2002) is a widely used non-parametric density based
clustering algorithm. The objective of Mean-shift is to identify the modes in the kernel-density,
seeking the nearest mode for each point in the input space. Several density based methods like
DBSCAN also rely on empirical probability estimates, but their performance degrades heavily
when the data is high dimensional. A recent segmentation algorithm (Andreetto, 2007) uses a
hybrid mixture model, where each mixture component is a convex combination of a parametric

and non-parametric density estimates.

Hierarchical clustering algorithms are popular non-parametric algorithms that iteratively build a
cluster tree from a given pairwise similarity matrix. Agglomerative algorithms such as Single
Link, Complete Link, Average Link (Jain 1988), Bayesian Hierarchical Clustering (Heller,
2005), start with each data point in a single cluster, and merge them successively into larger
clusters based on different similarity criteria at each iteration. Divisive algorithms start with a

single cluster, and successively divide the clusters at each iteration.

2.2.2.1.  Unsupervised Techniques for Document Clustering
In unsupervised clustering, we have unlabelled collection of documents. The aim is to cluster the
documents without additional knowledge or intervention such that documents within a cluster are
more similar than documents between clusters. Traditional clustering techniques can be

categorized into two major groups as partitional and hierarchical.
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Partitional Clustering Techniques

Partitional algorithms produce un-nested, non-overlapping partitions of documents that usually
locally optimize a clustering criterion. The general methodology is as follows: given the number
of clusters k, an initial partition is constructed; next the clustering solution is refined iteratively

by moving documents from one cluster to another.

The following sub-sections discusses the most popular partitional algorithm k-means, and its
variant bisecting k-means which has been applied to cluster documents by Steinbach et al.
(Steinbach, 1999) and has been shown to generally outperform agglomerative hierarchical

algorithms.
Expectation maximization

The theoretical basis for expectation-maximization shows that with sufficiently large amounts of
unlabeled data generated by the model class in question, a more probable model can be found
than if using just the labeled data alone. If the classification task is to predict the latent variable
of the generative model, then with sufficient data a more probable model will also result in a
more accurate classifier. Here, expectation-maximization finds more likely models and improved
classification accuracy. Expectation-maximization (EM) is used to fit the mixture model to the
negative examples(Olivier, 2006).

It uses the k-medoids which is similar to K-means except it takes one member of the cluster as a
centriod. It uses real contexts word from the dataset as a basis for clustering. K-mean takes the

round space (not a member) to make centriod

K-Means Clustering

The idea behind the k-means algorithm, discussed by Hartigan (Hartigan, 1975), is that each of k
clusters can be represented by the mean of the documents assigned to that cluster, which is called

the centroid of that cluster.

K-means (Cohen, 1996), (Yang, 1999), arguably, is the most popular and widely used clustering
algorithm. K-means is an example of a sum of squared error (SSE) minimization algorithm. Each
cluster is represented by its centroid. The goal of K-means is to find the centroids and the cluster

labels for the data points such that the sum-of-squared error between each data point and its
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closest centroid is minimized. K-means is initialized with a set of random cluster centers, that are
iteratively updated by assigning the closest data point to each center, and recomputing the
centroids. ISODATA (Hartigan, J., 1975) and Linear Vector Quantization (Berkhin, 2002) are
closely related SSE minimization algorithms that are independently proposed in different

disciplines.

It is discussed by Berkhin (Berkhin, 2002) that there are two versions of k-means algorithm
known. The first version is the batch version and is also known as Forgy’s algorithm (Forgy,

1965). It consists of the following two-step major iterations:

(1) Reassign all the documents to their nearest centroids

(2) Recompute centroids of newly assembled groups

Before the iterations start, firstly k documents are selected as the initial centroids.
Iterations continue until a stopping criterion such as no reassignments occur is achieved.

Initially, k documents from the corpus are selected randomly as the initial centroids. Then,
iteratively documents are assigned to their nearest centroid and centroids are updated
incrementally, i.e., after each assignment of a document to its nearest centroid. Iterations stop,

when no reassignments of documents occur.

The centroid vector ¢ of cluster C of documents is define as follows(Arzucan, 2002):

_ ZdEOd
]

................................. equation 8
So, c is obtained by averaging the weights of the terms of the documents in C. Analogously, the

similarity between a document d and a centroid vector ¢ by cosine similarity measure defined as
(Arzucan, 2002)

dec
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el equation 9
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Note that although documents are of unit length, centroid vectors are not necessarily of unit

length.

Bisecting K-Means

Although bisecting k-means is actually a divisive clustering algorithm that achieves a hierarchy
of clusters by repeatedly applying the basic k-means algorithm, the researcher discuss it in this

section as it is a variant of k-means.

In each step of bisecting k-means a cluster is selected to be split and it is split into two by
applying basic k-means for k = 2. The largest cluster, that is the cluster containing the maximum

number of documents, or the cluster with the least overall similarity can be chosen to be split.

Hierarchical Clustering Techniques
Hierarchical clustering algorithms produce a cluster hierarchy named a dendrogram (Berkhin,
2002). These algorithms can be categorized as divisive (top-down) and agglomerative (bottom-

up) (Jain, 1999) (Berkhin, 2002). We discuss these approaches in the following sub-sections.

Divisive Hierarchical Clustering

Divisive algorithms start with one cluster of all documents and at each iteration split the most

appropriate cluster until a stopping criterion such as a requested number k of clusters is achieved.

A method to implement a divisive hierarchical algorithm is described by Kaufman and
Rousseeuw. In this technique in each step the cluster with the largest diameter is split, i.e. the
cluster containing the most distant pair of documents. As we use document similarity instead of
distance as a proximity measure, the cluster to be split is the one containing the least similar pair
of documents. Within this cluster the document with the least average similarity to the other
documents is removed to form a new singleton cluster. The algorithm proceeds by iteratively
assigning the documents in the cluster being split to the new cluster if they have greater average

similarity to the documents in the new cluster (Kang, 2003).

Agglomerative Hierarchical Clustering
Agglomerative clustering algorithms start with each document in a separate cluster and at each

iteration merge the most similar clusters until the stopping criterion is met. They are mainly
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categorized as single-link, complete-link and average-link depending on the method they define

inter-cluster similarity.

Single-link The single-link method defines the similarity of two clusters C; and C; as the

similarity of the two most similar documents d; € C; and d; € C; (Arzucan, 2002):

stmilaritYsmgie—imk(Cy, Cy) = qmax |cos(d;, dj) |
iciadjcig

Complete-link The complete-link method defines the similarity of two clusters

Ci and Cj as the similarity of the two least similar documents d; € C; and d; € C; (Arzucan,
2002):

similaritycompiete—tink{Cs, C5) = d-eg-lidl-leo- |cos(d, dj}|
i 2 dj

........................ equation 10
Average-link The average-link method defines the similarity of two clusters

Ci and C; as the average of the pairwise similarities of the documents from each cluster (Arzucan,
2002):

cosdieo; |cos(di, dj
stmilarityuerage—1imk(Cs, C5) = ZdleO%dJEC’y| (ds, dj))|

ity equation 11

where n; and n;are sizes of clusters C; and C; respectively.

2.2.3.  Semi-supervised learning

Semi-supervised learning algorithms can be broadly classified based on the role the available

side information plays in providing the solution to supervised or unsupervised learning.

2.2.3.1. Semi-supervised classification

While semi-supervised classification is a relatively new research area, the idea of using
unlabeled samples to augment labeled examples for prediction was conceived several decades

ago.

The initial work in semi-supervised learning is attributed to Scudders for his work on

“selflearning”. An earlier work by Robbins and Monro on sequential learning can also be viewed

32



as related to semi-supervised learning. Vapnik’s Overall Risk Minimization (ORM) principle
advocates minimizing the risk over the labeled training data as well as the unlabelled data, as
opposed to the Empirical Risk Minimization, and resulted in transductive Support Vector
Machines (Pavan, 2010).

Given a set of labeled data, a decision boundary may be learned using any of the supervised
learning methods. When a large number of unlabeled data is provided in addition to the labeled
data, the true structure of each class is revealed through the distribution of the unlabeled data.
The unlabeled data defines a “natural region” for each class, and the region is labeled by the
labeled data. The task now is no longer just limited to separating the labeled data, but to separate
the regions to which the labeled data belong. The definition of this “region” constitutes some of

the fundamental assumptions in semi-supervised learning (Kang 2003).

Existing semi-supervised classification algorithms may be classified into two categories based on
their underlying assumptions. An algorithm is said to satisfy the manifold assumption if it
utilizes the fact that the data lie on a low-dimensional manifold in the input space. Usually, the
underlying geometry of the data is captured by representing the data as a graph, with samples as
the vertices, and the pairwise similarities between the samples as edge-weights. Several graph
based algorithms such as Label propagation, Markov random walks, Graph cut algorithms,
Spectral graph transducer, and Low density separation are based on this assumption. The second
assumption is called the cluster assumption. It states that the data samples with high similarity
between them, must share the same label. This may be equivalently expressed as a condition that
the decision boundary between the classes must pass through low density regions. This
assumption allows the unlabeled data to regularize the decision boundary, which in turn
influences the choice of the classification models. Many successful semi-supervised algorithms
like TSVM and Semi-supervised SVM follow this approach (Pavan, 2010). These algorithms

assume a model for the decision boundary, resulting in an inductive classifier.
Bootstrapping Classifiers from Unlabeled data

One of the first uses of unlabeled data was to bootstrap an existing supervised learner using
unlabeled data iteratively. The unlabeled data is labeled using a supervised learner trained on the

labeled data, and the training set is augmented by the most confident labeled samples.
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This process is repeated until all the unlabeled data have been processed. This is popularly
known as “Self-training”, which was first proposed by Scudders (Scudder, 1965). Yarowsky
(Yarowsky, 1995) applied self-learning to the “word sense” disambiguation problem. Rosenberg
et al. (Rosenberg, 2005) applied self-training for object detection.

Several classifiers proposed later follow the bootstrapping architecture similar to that of self-
training, but with a more robust and well-guided selection procedure for the unlabeled samples
for inclusion in the training data. Semi-supervised generative models using EM (Dempster,
1977), for instance, the Semi-supervised Naive Bayes (Nigam, 2000), is a “soft” version of self-
training. Many ensemble classification methods, in particular, those following the semi-
supervised boosting approach (Bennet, 2002), (Mallapragada, 2009) use specific selection
procedures for the unlabeled data, and use a weighted combination of classifiers instead of

choosing the final classifier.
Margin based classifiers

The success of margin based methods in supervised classification motivated a significant amount
of research in their extension to semi-supervised learning. The key idea of margin based semi-
supervised classifiers is to model the change in the definition of margin in the presence of
unlabeled data. Margin based classifiers are usually extensions of Support Vector Machines
(SVM). An SVM minimizes the empirical error on the training set, along with a regularization

term that attempts to select the classifier with maximum margin.
Vapnik (Yang, 1999) first formulated this problem and proposed a branch and bound algorithm.

A Mixed Integer Programming based solution is presented in (Mallapragada, 2009), which is
called Semi-supervised SVM or S*VM. Fung and Mangasarian (Pavan, 2010) proposed a
successive linear approximation to the min (.) function in the loss function, and proposed
VS®*VM. None of these methods are applicable to real datasets (even small size datasets) owing

to their high computational complexity.

Transductive SVM (TSVM) is one of the early attempts to develop a practically usable algorithm
for semi-supervised SVM. TSVM provides an approximate solution to the combinatorial
optimization problem of semi-supervised SVM by first labeling the unlabeled data with an SVM
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trained on the labeled data, followed by switching the individual labels of unlabeled data such
that the objective function is minimized. Gradient descent was used in (Pavan, 2010) to minimize
the same objective function, while defining an appropriate subgradient for the min(.) function.
This approach was called V TSVM, and its performance is shown to be comparable to that of the

other optimization schemes discussed above.
Graph Connectivity

Graph theory has been known to be powerful tool for modeling unsupervised learning
(clustering) problems since its inception to relatively recent Normalized Cuts and Spectral
clustering (Ng, 2002), and shown to perform well in practice (Brandes, 2003). Graph based
methods represent the data as a weighted graph, where the nodes in the graph represent the data
points, and the edge weights represent the similarity between the corresponding pair of data
points. The success of graph based algorithms in unsupervised learning motivates its use in semi-

supervised learning (SSL) problems.

The edge weight between a pair of samples is set to o if they share the same label, to ensure that
they remain in the same partition after partitioning the graph. Szummer and Jakkola (Szummer ,
2001) and Zhu and Ghaharamani (Zhu, 2002) model the graph as a discrete Markov random
field, where the normalized weight of each edge represents the probability of a label (state)
jumping from one data point to the other. The solution is modeled as the probability of a label
(from a labeled data point) reaching an unlabeled data point in a finite number of steps. Zhu et
al., (Zhu, 2003) relax the Markov random field with a discrete state space (labels) to a Gaussian
random field with continuous state space, thereby achieving an approximate solution with lower

computational requirements.

Most graph based semi-supervised learning methods are non-parametric and transductive in

nature, and can be shown as solutions to the discrete Green’s function, defined using the discrete

Graph Laplacian (Yang, 1999).

2.2.3.2. Semi-supervised clustering
Clustering aims to identify groups of data such that the points within each group are more similar
to each other than the points between different groups. Clustering problem is ill-posed, and hence

multiple solutions exist that can be considered equally valid and acceptable. Semi-supervised
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clustering utilizes any additional information, called side information, which is available to
disambiguate between the solutions. The side information is usually present in the form of
instance level pairwise constraints (Wagstaff , 2000). Pair wise constraints are of two types —
must-link constraints and cannot-link constraints. Given a pair of points, must link constraints
require the clustering algorithm to assign the same label to the points. On the other hand, cannot-

link constraints require the clustering algorithm to assign different labels to the points.
Penalizing Constraints

One of the earliest constrained clustering algorithms was developed by Wagstaff and Cardie
(Wagstaff, 2000), (Wagstaff, 2001), called the COP K-means algorithm. The cluster assignment
step of Kmeans algorithm was modified with an additional check for constraint violations.
However, when constraints are noisy or inconsistent, it is possible that there are some points that
are not assigned to any cluster. This was mitigated in an approach by Basu et. al. (Basu, 2004)
which penalizes constraint violations instead of imposing them in a hard manner. A constrained
clustering problem is modeled using a Hidden Markov Random Field (HMRF) which is defined
over the data and the labels, with labels as the hidden states that generate the data points. The
constraints are imposed on the values of the hidden states. Inference is carried out by an
algorithm similar to that of K-means which penalizes the constraint violations.

Generative models are very popular in clustering. Gaussian mixture model (GMM) is one of the
well-known models used for clustering (Dempster, 1977), (Figueiredo, 2002). Shental et al.
(Shental, 2004) incorporated pairwise constraints into the GMMs. To achieve this, groups of
points connected by must-link constraints are defined as chunklets and each chunklet is treated as
a single point for clustering purposes. Zhao and Miller (Zhao, 2005) proposed an extension to
GMM which penalizes constraint violations. A method to automatically estimate the number of
clusters in the data using the constraint information was proposed. Lu and Leen (Lu, 2005)

incorporate the constraints into the prior over all possible clustering.

In many approaches that enforce constraints in a hard manner (including those that penalize
them), non-smooth solutions are obtained. A solution is called non-smooth when a data point
takes a cluster label that is different from all of its surrounding neighbors. As noted in (Law,
2005), it is possible that the hypothesis that fits the constraints well may not fit the data well.
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Therefore, a tradeoff between satisfying the constraints and fit to the data is required. Lange et
al. (Lange, 2005) alleviate this problem by involving all the data points into a constraint through

a smooth label.
Adapting the Similarity

Several semi-supervised clustering methods operate by directly modifying the entries of the pair-
wise similarity matrix that are involved in constraints. All these algorithms reduce the distance
between data points connected by must-link constraints and increase the distance between those
connected by must-not link by a small value. Spectral Learning algorithm by Kamvar et al.
(Kamvar, 2003) modifies the normalized affinity matrix by replacing the values corresponding to
must-link constraints by 1 and must-not link constraints by 0. The specific normalization they
use ensures that the resulting matrix is positive definite. The remaining steps of the algorithm are
the same as the Spectral clustering algorithm by Ng et al. (Ng, 2002). Klien et. al. (Klien, 2002)
modified the dissimilarity metric by replacing the entries participating in must-link constraints
with 0 and replaced the entries participating in cannot-link constraints by maximum pairwise
distance incremented by 1. This is followed by a complete link clustering on the modified
similarity matrix. Kulis et al. (Kulis, 2007) propose a generalization of Spectral Learning via
semi-supervised extensions to the popular normalized cut (Shi, 2000), ratio cut and ratio
association (Hagen,1992). To ensure positive definiteness of the similarity matrix, they simply

add an arbitrary positive quantity to the diagonal.

The specific values of increments had chosen in the above algorithms impacts the performance
of the clustering algorithm. In order to apply spectral algorithms, we need the pairwise similarity
matrix to be positive semi-definite. Arbitrary changes (especially decrements) to the similarity
matrix may not retain its positive semi-definiteness. Some methods avoid using spectral
algorithms, while some update the similarity matrix carefully to retain the essential properties.
The similarity adaptation methods are adhoc in nature, and are superseded by the similarity

learning approaches presented in the next section.
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Learning the Similarity

The performance of a clustering algorithm depends primarily on the similarity metric defined
between the samples. It is usually difficult to design a similarity metric that suits all the
clustering scenarios. For this reason, attempts have been made to directly learn the similarity
metric from the data using the side information. Similarity metric learning is not a new problem,
and has been considered before in both unsupervised dimensionality reduction methods (LLE
(Roweis , 2000), ISOMAP (Silva, 2003) and supervised methods like Fisher Linear Discriminate
(Cohen, 1996), Large Margin Distance Metric Learning (Weinberger,2006) and Neighborhood
Component Analysis (Goldberger, 2005). Only those methods that learn the distance metric in a

semi-supervised setting, i.e., using pairwise constraints and unlabeled data are reviewed here.

Once a similarity metric is learned, standard classification algorithms may later be applied with
the learned similarity metric. The distance metric learning problem can be posed in its generality
as follows: learn a function f : X xX — R such that the distance between points linked by must-
link constraints is smaller than that between the points linked by must-not link constraints
overall. The distance function is usually parametrized in its quadratic form, i.e fA(xi, Xj) = xTi

AXj , where A is the unknown parameter to be estimated from the constraints.

Xing et al. (kang, 2003) formulated distance metric learning as a constrained optimization
problem, where A is estimated such that the sum of distances between points connected by must-
link constraints is minimized, while constraining the sum of distances between points connected
by must-not link to be greater than a fixed constant. Bar-Hillel et al. (Bar-Hillel, 2005) proposed
Relevant Component Analysis (RCA), which estimates a global transformation of the feature
space by reducing the weights of irrelevant features such that the groups of data points linked by
must-link constraints (called chunklets) are closer to each other. A modified version of the
constrained K-means algorithm that learns a parametrized distance function is presented in
(Bilenko, 2004).

Yang et al. (Yang, 2006) learn a local distance metric by using an alternating optimization

scheme that iteratively selects the local constraints, and fits the distance metric to the constraints.

They parametrize the kernel similarity matrix in terms of the eigenvalues of the top few
eigenvectors of the pairwise similarity matrix computed using the RBF kernel. Hoi et al. (Hoi,
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2007) present a non-parametric distance metric learning algorithm that addresses the limitations
of quadratic distance functions used by almost all the other approaches. Lee et al. (Lee, Jin,
2008) proposed an efficient distance metric learning algorithm and applied it to a content based

image retrieval task showing significant performance gains.

There has been a recent surge in the interest in online learning algorithms due to the large
volume of datasets that need to be processed. Shalev-shwartz et al. (Shalev-Shwartz, 2004)
present an online distance metric learning algorithm called POLA, that learns a quadratic
distance function (parametrized by the covariance matrix) from pairwise constraints. A batch
version of the algorithm is obtained by multiple epochs of the online algorithm on the training
data. Davis et al. (Davis, 2007) present online and batch versions of an algorithm that searches
for the parameterized covariance matrix A that satisfes the constraints maximally. Additionally, a
log-determinant regularizer is added to prevent A from moving too far away from the initial
similarity metric AO.

2.3. Document Preprocessing and Representation

In order to cluster or classify text documents by applying machine learning techniques,
documents should first be preprocessed. In the preprocessing step, the documents should be
transformed into a representation suitable for applying the learning algorithms. The most widely
used method for document representation is the vector space model introduced by Salton et. al.
In this model, each document is represented as a vector d. Each dimension in the vector d stands

for a distinct term in the term space of the document collection (Arzucan, 2002).

A term in the document collection can stand for a distinct single-word, a stemmed word or a
phrase. Phrases consist of multiple words such as ‘“data mining” or “mobile phone” and
constitute a different context than when used separately. Phrases can be extracted by using
statistical or Natural Language Processing (NLP) techniques. By statistical methods phrases can
be extracted by considering the frequently appearing sequences of words in the document
collection (Cohen, 1996). A research on extracting phrases by using NLP techniques for text
categorization is discussed by Fuernkranz et al. (Fuernkranz, 1998).

In vector space representation, defining terms as distinct single words is referred to as “bag of

words” representation. Some researchers state that using phrases rather than single words to
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define terms produce more accurate classification results (Cohen, 1996); whereas others argue
that using single words as terms does not produce worse results (Dumais, 1998)( Sahami, M.,
1998). As “bag of words” representation is the most frequently used method for defining terms

and it is computationally more efficient than the phrase representation.

One challenge emerging when terms are defined as single words is that the feature space
becomes very high dimensional. In addition, words which are in the same context such as
biology and biologist are defined as different terms. So, in order to define words that are in the
same context with the same term and consequently to reduce dimensionality the researcher have
decided to define the terms as stemmed words. To stem the words, the researcher has chosen to
use Porter’s Stemming Algorithm (Porter, 1980), which is the most commonly used algorithm

for word stemming in English.

Preprocessing and document representation phase, which is implemented in python, consists of

the following steps:

e Tokenization

e Removing stop words

e Stemming

e Term weighting

e Dimensionality reduction

These steps will be described briefly in the following sections.

Tokenization

Tokenization is the process of breaking down of documents into individual tokens.

In the tokenization process irrelevant and noisy features for the classification process such as
punctuation marks and any irrelevant characters removed from documents in the collection. This
is because these features are not relevant to represent the content of documents and they have no

contribution in discriminating one document or category from the other. (Arzucan, 2002).
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Removing Stop words

There are words, such as pronouns, prepositions and conjunctions that are used to provide
structure in the language rather than content. These words, which are encountered very
frequently and carry no useful information about the content and thus the category of documents,
are called stopwords. Removing stopwords from the documents is very common in information
retrieval. In this paper stope words are eliminated from the documents, which will lead to a

drastic reduction in the dimensionality of the feature space(Arzucan, 2002).

Stemming

In order to define words that are in the same context with the same term and consequently to
reduce dimensionality. Porter’s stemming Algorithm which is the most commonly used
algorithm for word stemming in English. For instance, we reduce the similar terms computer”,
“computers”, and “computing” to the word stem “compute”. Implementation of Porter’s
Stemming Algorithm in python is developed. This algorithm is embedded to the preprocessing

system.

After stemming, terms that are shorter than two characters are also removed as they do not carry

much information about the content of a document.

Term Weighting

We represent each document vector d as

Where wi is the weight of i term of document d. There are various term weighting approaches

most of which are based on the following observations (Arzucan, 2002):

v The relevance of a word to the topic of a document is proportional to the number of times
it appears in the document.
v The discriminating power of a word between documents is less, if it appears in most of
the documents in the document collection.
A comparative study of different term weighting approaches in automatic text retrieval is
presented by Salton and Buckley (Arzucan, 2002). The term weighting approach applied in the
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study and some other standard term weighting functions are discussed in the following

subsections. In the study terms are defined as follows:
tfi as the raw frequency of term i in document d;
N as the total number of documents in the document corpus;

ni as the number of documents in the corpus where term i appears; and M as the number

of terms in the document collection (after stopword removal and stemming is performed).

Boolean Weighting

Boolean weighting is the simplest method for term weighting. In this approach, the weight of a
term is assigned to be 1 if the term appears in the document and it is assigned to be 0 if the term
does not appear in the document(Arzucan, 2002).

1 iféfy>0

Wy =
0 otherwise

Term Frequency (TF) Weighting

Term frequency weighting is also a simple method for term weighting. In this method, the
weight of a term in a document is equal to the number of times the term appears in the document,
i.e. to the raw frequency of the term in the document (Arzucan, 2002).

wi = tfi

Term Frequency * Inverse Document Frequency (TF*IDF) Weighting

Boolean weighting and term frequency weighting do not consider the frequency of the term
throughout all the documents in the document corpus. TF*IDF weighting is the most common

method used for term weighting that takes into account this property.

In this approach, the weight of term i in document d is assigned proportionally to the number of
times the term appears in the document, and in inverse proportion to the number of documents in

the corpus in which the term appears (Arzucan, 2002).

wi=tfi *log(N/Ni) ..o equation 12
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TF*IDF weighting approach weights the frequency of a term in a document with a factor that
discounts its importance if it appears in most of the documents, as in this case the term is
assumed to have little discriminating power.

TFEIDF Weighting With Length Normalization

In this approach, to account for documents of different lengths each document vector is
normalized so that it is of unit length.

WI=th*Tog(N/N) oo equation 13

Salton and Buckley discuss that TFEIDF weighting with length normalization generally performs
better than the other techniques (Arzucan, 2002). Therefore, we applied this weighting approach

in our study.

Dimensionality Reduction

There are various methods applied for dimensionality reduction in document categorization.
Some common examples are Information Gain (IG), Mutual Information (MI), Chi-Square
Statistic, Term Strength (TS), and Document Frequency (DF) Thresholding. The study discuss
these techniques briefly in the following subsections.

Information Gain (1G)

Information gain measures the number of bits of information gained for category prediction
when the presence or absence of a term in a document is known. When the set of possible

categories is fcl; ¢2; ...; cmg, the IG for each unique term t is calculated as follows (Joachims):

IG{t) = - i P(e;)-log Ple;)+P(1)- iP(cdt)-log Plest)+P(t) i P(e;ft)-log Pleft) .
i=1 i=1 i=1 ...equation

As seen from Equation, 1G calculates the decrease in entropy when the feature is given vs.
absent. P(c;) is the prior probability of category c;. It can be estimated from the fraction of
documents in the training set belonging to category ci. P(t) is the prior probability of term t. It
can be estimated from the fraction of documents in the training set in which term t is present.

Likewise, P(t) can be estimated from the fraction of documents in the training set in which term t
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is absent. Terms whose I1Gs are less than some predetermined threshold are removed from the
feature space.
Mutual Information (M)

Mutual information is a technique frequently used in statistical language modeling of word
associations and related applications. MI between term t and category c is defined to be
(Arzucan, 2002):

....................................... equation 15

It is estimated by using (Arzucan, 2002):

Ax N

(A+R) x (A+B) .
....................................... equation 16

MI(E, ¢) = log

Here, A is the number of times t and ¢ co-occur, B is the number of times t occurs without ¢, R is
the number of times ¢ occurs without t, and N is the total number of documents. When t and ¢ are

independent MI (t; c) is equal to zero.

We can write equation in the following equivalent form:

MG, c) =log Pltle) —logPG) equation 17

It is seen from equation for terms that have an equal conditional probability, rare terms will have
a higher Ml value than common terms. So, Ml technique has the drawback that MI values are not

comparable among terms with large frequency gaps.

Category specific Ml scores for a term t can be combined into a global M1 score for that term in

the following two ways(Arzucan, 2002):

M-Icwg(t) = ZP(C?J) X Mf(t, Ci)
Tl equation 18

or
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MImea(t) = max{MI(2, co)} (2.20) o equation 19

Terms that have lower M1 values than a predetermined threshold are eliminated.

Term Strength (TS)

Term strength method, estimates term importance based on how commonly a term is likely to
appear in closely related documents (Yang, 1999). The first step in this method is to use a
training set of documents to find document pairs which have a similarity larger than a
predetermined threshold. In the next step TS is calculated based on the estimated conditional
probability that a term appears in the second document given that it appears in the first one.
Suppose, x and y are any pair of distinct but related documents. Then the TS of term t is defined
to be (Yang, 1999):

....................................... equation 20

Unlike IG, MI, and X? statistic, TS is an unsupervised dimensionality reduction technique where
document categories are not used. It is based on document clustering and assumes that
documents with many shared words are related and the terms that are heavily shared among
these related documents are relatively informative.

Document Frequency Thresholding (DF)

Document frequency (DF) of a term is the number of documents that term appears. In this
technique, the document frequency of each unique term is computed and terms whose document
frequencies are less than a predetermined threshold are eliminated. The basic assumption behind
this technique is that rare terms are either non-informative for document categorization or they
do not have much weight in global performance. This technique can also lead to improvement in
categorization accuracy in case rare terms are noise terms. However, DF is usually not used for
aggressive term elimination because there is another widely accepted assumption in information
retrieval that low-DF terms are distinctive and thus relatively informative and for this reason

should not be removed aggressively (Yang, 1999).

A comparative study of feature selection in text categorization is presented by Yang and

Pedersen (Yang, Y). It has been reported that IG and X? statistic performed the best. However,

45



DF, the simplest and most efficient method in terms of computational complexity, performed
similar to 1G and X? statistics. It has been suggested that DF can be reliably used instead of 1G

and X statistics when computation performances of the latter two are too expensive.

Another point to consider is that IG, MI and X? statistics are supervised techniques and use
information about term-category associations. As our main focus is on unsupervised techniques
for document organization, these methods are not suitable to be applied in our study. To reduce
the dimensionality of the data, we apply DF Thresh holding. We define the document frequency
threshold as 1 and hence remove the terms that appear in only one document.

Document Similarity Measure

To use a clustering or classification algorithm, a similarity measure between two documents
must be defined. Cosine similarity measure is the most widely used similarity measure to

calculate the similarity of two documents. This measure is defined as (Steinbach, 1999):

dl 0(12

cos(dq,dg) = —————
(s, da) = 1 e

....................................... equation 21

That is, it is the dot product of d1 and d2 divided by the lengths of d1 and d2.
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Related works

There are a lot of works done on classification of Amharic document. From these the following

works are included:

Zelalem Sentayehu has worked on supervised Amharic news text classification in 2001. The
overall result of his research has showed that statical technique can be used to analyze Amharic
news items and classify automatically in to predefind classes. After training the classifier
classified 273 out of 321 news items correctly (Zelalem, 2001).

Surafel Teklu has worked on supervised Amharic news text classification in 2003. The objective
of the researcher was to investigate the application of machine learning techniques to automatic
categorization of Amharic news items. 11, 024 news articles were used to do this research. To
come up with good results text preparation and preprocessing was done. Stop-word and words
that occur in 3 or less documents were removed from the collection. Thirty-three percent of the
data was used for testing purposes. Machine learning techniques, Naive Bayes and k Nearest

Neigbor classifiers, were used to categorize the Amharic news items (Surafel, 2003).

The result of this research indicated that such classifiers are applicable to automatically classify
Ambharic news items. However, the classifiers work well when the categories contain almost
evenly distributed news items. The best result obtained by the naive Bayes and KNN classifiers is
on three categories data (95.80% vs. 89.61%) and the least performance is shown on the 16
categories (78.48% vs. 64.50%) respectively. The 16 categories contain unevenly distributed
data than the three categories and it is learnt that unevenly distributed numbers of documents
over the categories decreases the performance of both classifiers; K nearest Neighbor
dramatically decreases than naive Bayes. This research indicated that Naive Bayes is more

applicable to automatic categorization of Amharic news items.

The result of this research is promising. Nevertheless, additional works are recommended in

order to come up with good result (Surafel, 2003).

Yohannes has also worked on supervised Amharic text classification in 2007. Because of the
high dimensionality of the source data, classifier algorithms that are suitable for high-

dimensional data the researcher used, Decision Tree and Support Vector Machine (SVM) for the
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research experiment. The researcher also used the open source Weka package 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 (Yohannes, 2007).

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. The classification performance measures indicate the need for additional
works in developing tools and methods for mining Amharic data. (Yohannes, 2007)

Lakechew yayeh has done on unsupervised Amharic text news classification in 2011 and the
researcher used k-means, bisecting k-means and average link clustering algorithms. The
performances of document clustering algorithms: k-means, bisecting k-means and average link
were compared for the 4, 7 and 10 clustering solutions using entropy, purity and overall
similarity evaluation metrics over the different pre-defined data sets. The performances of k-
means and bisecting k-means are similar in terms of the overall similarity measure in all number
of clusters and they produced similar clustering solutions. However, the results of the findings
indicate that the bisecting k-means produced better clustering solutions consistently according to

the entropy and purity evaluation measures.

The results also shows that k-means and bisecting k-means clustering algorithms consistently
produced clusters that are most similar to pre-defined classes at different data sets. Moreover,
both k-means and bisecting k-means clustering algorithms produced clusters relatively with
similar cluster size (number of documents), while the agglomerative hierarchical clustering
algorithms generally produced clusters that are not similar to pre-defined classes and clusters

with unbalanced cluster size (number of documents).

Agglomerative hierarchical clustering algorithms produced low quality results as compared to
the k-means and the bisecting k-means clustering algorithms. Among the agglomerative
clustering algorithms, the average link achieved the best performance as compared to single link

and complete link in all evaluation measures.
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In this study, the potential application of unsupervised Learning techniques for the classification

of Amharic text documents was explored.

The effect of the number of clusters and the size of documents used on the performance and

efficiency of clustering algorithms was tested and compared using different data sets.

Moreover, the performances of these clustering algorithms were also tested at increasing number
of clusters using the same data set. The agreement between the number of predefined classes and
the number of clusters discovered by the agglomerative clustering algorithm was also tested for

10 clusters over the whole document collection.
Based on the experiments done in this thesis, the following concluding remarks were made.

As the number of clusters and documents increase, the clustering solutions produced by k-means
and bisecting k-means become more internally cohesive and externally isolated. However, the
clustering results do not match better with the pre-defined classes and requires relatively high

computational requirements.
Moreover; the purity values of single link, complete link and average link decrease.

According to the results obtained, it was difficult to determine the entropy and the overall
similarity values of the three agglomerative approaches at increasing number of clusters and

documents.

All the clustering algorithms: k-means, bisecting k-means, single link, complete link and average
link achieved better clustering quality as the number of clusters increases with the same data set.
The clustering solutions became more internally cohesive, externally isolated and match better
with the pre-defined classes (Lakechew, 2011)
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CHAPTER THREE

THE AMHARIC LANGUAGE AND ITS WRITING SYSTEM

3.1. The Amharic Language

The name Amharic (A91C% - amarofifia) comes from the district of Amhara (A99¢-) in northern
Ethiopia, which is thought to be the historic centre of the language. Amharic is a Semitic
language and the national language of Ethiopia (A +¢-%£). The majority of the 25 million or so
speakers of Amharic can be found in Ethiopia, but there are also speakers in a number of other
countries, particularly Eritrea (ACt¢-), Canada, the USA and Sweden.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 (Yohannes, 2007).

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. 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 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. Now a day there are more than 35 Ethiopic software
products available, each with its own character set, encoding system, typeface names and
keyboard layout.

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.  The Amharic writing system

The writing system of Amharic is taken from Geez (Bender, 1976; Aklilu, 1984) that in turn
evolved out of Sabaean Language the descendent of South Semitic Script. It was brought to
highlands of Ethiopia by immigrants from South Arabia in the first century A.D (Bender, 1976).

50



Geez, which remained the ecclesiastical and literary expression in Ethiopia until the 16th
century, gradually gave way to Amharic that was used both in spoken and writing in the royal
courts. It began to be used for literary purposes at the beginning of the 19th century as the
administrative state changed its way of communication from oral to written one(Surafel, 2003).

Up to 350 A.D Geez scripts have no vowel indications. Latter, however, vocalized consonant
signs had come into being by undergoing a variety of changes in the structure of the consonantal
symbols. The structural changes added six additional forms to each basic consonant increasing
the total number of symbols to 182(26x7). Since then, vowels became an integral part of
Ethiopic writing (Surafel, 2003).

By the time Geez was replaced by Amharic, in addition to the 26 symbols that were used in the
Geez language, it added symbols by deriving them from the already existing Geez alphabets.

i From a

F From -+

T From 1

W From H

% From £

e From m

i From h

This increased the total number of fundamental characters used in Amharic writing system to 34;

out of which 33 are core characters and 1 is a special character (Million, 2000).
3.3. The Amharic Characters (& 2 &)

In Amharic writing system there are a total of 231 characters, 33 of the characters are the ‘core’
characters and one is ‘special’ character. Each character has seven different forms called orders
that reflect the seven vowel sounds (e, u, i, a, €, i, 0); one basic form and six non — basic forms
representing syllable combinations consisting of a consonant and vowel. It is shown in appendix
1
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There exists other character in addition to the 231 core characters that are indicated in appendix
3. The syllables with the vowel transliterated as (i) are pronounced (), except in final position

when the vowel is not pronounced.

Characteristics of the Amharic Character

Ambharic writing system is often called syllabary rather than an alphabet because the seven orders
of Amharic characters indicated above represent syllable combination consisting of consonant
and following vowel. The non basic forms (vocalization) are derived from the basic forms
(consonants) by attaching small appendages (diacritic marks) to the right, left, top, or bottom in
more or less regular modification. Some are formed by adding strokes, others by adding loops or
other forms of differentiation to each core character. The writing system is difficult and
vulnerable to various problems; it is difficult to automate information retrieval system for
Ambharic language. These writing problems have a negative effect on the performance of
different machine learning approaches in text classification and text clustering. Some of the
problems are discussed in the following sections.

Formation of Compound Nouns

Bender stated that compound nouns are sometimes written as two separate words (Bender,
1976). For example, NC&-A1a which means “blanket” may be written as 1C€ A-1a or NCLANN
and; heAh-+97 as h&A-hrte7 which means “sub city”. This happened to be inconsistent in Amharic
texts and should be considered in automatic classification (Surafel, 2003).

Character Redundancy

Out of 275 Amharic characters 231 are actually necessary to represent Amharic because the
other characters are redundant, i.e., by using only one character from a group of characters with
the same sound (Yohannes, 2007).

Spelling variations of a word would unnecessarily increase the number of words representing a
document which could reduce the efficiency and accuracy. Amharic document processing for
feature selection should therefore normalize word variants (spelling differences) caused by
inconsistent usage of redundant characters.(Yohannes, 2007)

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.
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Consonants Other symbols with the same sound
v(h&) hi1iYihand?
a(sa) w
A(d) 074 anda
a(tsd) 0

Table 1 shows a sample of redundant characters where more than one symbol is used for a given
sound.

Inconsistency of Abbreviations

To write Amharic words in abbreviation people use different symbols. Forward slash (“/”’) and
period (“.”) are the most common symbols used to write words in shorter form. For example the
short form of the word &C€ (- can be written as “&/0.1”, “&.01” or “&-0-+ which result in an
inconsistency of abbreviating Amharic words. These different representations of the same word
create high dimensional vector space and it has a negative effect on the performance of learning
algorithms.(Lakechew, 2010)

Variations due to Pronunciations

The usage of foreign language words in Amharic is also found to be another source of word
spelling variations. Most of the time different writers use different spellings in the writings of
words adapted from foreign languages. This writing problem also has a negative effect on the
performance of different machine learning approaches in text classification and text clustering
For example, the word A¢-t¢ (laboratory) is found to have different Amharic spellings like
Afic-t4E ANg-4 in the source data.(Yohannes, 2007)

Other Cases of Word Variations:

Usage of different affixing and suffixing style for same word causes word spelling variations. In
most cases different writers use different affix and suffix spellings in the writings of words. For

example difference in suffixing would result in the two writings A-F¢-29® and A& fa®to refer
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to human intellect while difference in prefixing would give the two writings &+ and &4+ to
mean ‘sanitary’ (Yohannes, 2007).

Punctuation

In Amharic language words are separated by two dots (: v-at 1-01), however, blank spaces are
generally used. The end of the sentence is marked by a square-formed four dots (:z Aé-t 1),
and the symbols # (imA AZH) and ¢ (&c0 AZH) represent a comma and semicolon respectively.
Moreover, the language borrows some punctuation marks from foreign languages such as (?, !, «
, 7,4 1,0\, ete.). According to Beletu (Beletu, 1982) there are about 17 punctuation marks used in
Ambharic language. However, the existing Amharic software does not make use some of them. It
is shown in appendix 4

Numerals

According to Bender et al., Amharic number characters are derived from Greek letters, and some
were modified to look like Amharic fidel. Each of the symbols has a horizontal stroke above and
below. Numbering starts from one and has single characters for numbers one to ten, more than
one character for multiples of ten (twenty to ninety), hundred, and thousand. There is no symbol
for zero in the Amharic script. Ethiopic numbers are used mostly in writing dates and page
numbers in text (Bender, 1976). Amharic number characters are indicated in appendix 2

3.4. Computerizing the Amharic Script

The ASCII code does not recognize Amharic scripts and thus cannot assign numeric codes to the
scripts. For ease of preprocessing and compatibility reasons, the Amharic text was transliterated
into an ASCII representation using SERA.

A SERA is a scheme for transliterating Amharic characters. The fundamentals of SERA are
discussed in Daniel (1996). SERA is a convention for transliteration of Amharic characters
(Fidel) script into Latin script that insures the integrity of the format and content of the original

document, and that can be fully transportable across all computer mediums.
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CHAPTER FOUR

4. METHODOLOGY
Introduction

The machine learning approach to text categorization is to automatically build the classifiers by
learning the concept descriptions of the categories. One type of machine learning, applied to text
categorization, is “supervised learning”. This requires a set of pre-labeled (pre-categorized)
training documents for generating classifiers. In contrast, “unsupervised learning” refers to the
task of automatically identifying a set of categories from a set of unlabeled documents and
grouping these unlabeled documents under these identified categories (Merkl , 1998). This task
is typically called document clustering. Semi-supervised classification algorithms train a
classifier given both labeled and unlabeled data. The goal is to label only the unlabeled data
available during training

In order to cluster or classify text documents by applying machine learning techniques,
documents should first be preprocessed. In the preprocessing step, the documents should be
transformed into a representation suitable for applying the learning algorithms. The most widely
used method for document representation is the vector space model introduced by Salton et. al.(
Salton, 1975).

In this model, each document is represented as a vector d. Each dimension in the vector d stands
for a distinct term in the term space of the document collection.

A term in the document collection can stand for a distinct single-word, a stemmed word or a
phrase. Phrases consist of multiple words such as ‘“data mining” or “mobile phone” and
constitute a different context than when used separately. Phrases can be extracted by using
statistical or Natural Language Processing (NLP) techniques. By statistical methods phrases can
be extracted by considering the frequently appearing sequences of words in the document
collection (Cohen, 1996). A research on extracting phrases by using NLP techniques for text
categorization is discussed by Fuernkranz et al. (Fuernkranz, 1998).

In vector space representation, defining terms as distinct single words is referred to as “bag of
words” representation. Some researchers state that using phrases rather than single words to
define terms produce more accurate classification results; whereas others argue that using single

words as terms does not produce worse results (Sahami, 1998). As “bag of words” representation
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is the most frequently used method for defining terms and it is computationally more efficient
than the phrase representation.

The next phase of the approach used is clustering the documents based on their similarity. Next
to this phase classify the clusters in to their predefined categories. In this stage of the KDT
process, experimentations were conducted using the most commonly used semi-supervised
machine learning algorithms and finally the outputs produced were evaluated using different

evaluation metrics.

4.1. Architecture of Amharic Text News classification

Ambharic news classification using semi-supervised has its own architecture. The architecture is
composed of five components. These are document collection, document preprocessing and
representation, clustering, classification and evaluating the results. The architecture of Amharic
document classification system is described in Figure 1.

Some of the documents are collected from ENA manually and then preprocessing of documents
was held.

In the document preprocessing stage transliteration, tokenization, normalization, stop words and
numbers removal, stemming and dimension reduction were done.

Once all these document preprocessing and representation activities were done, the datasets were
prepared in an appropriate format and given to the learning algorithms. The learning algorithms
process this dataset and group them into the appropriate clusters and classify to its category and
finally the performances of those classification algorithms were evaluated using different
classification evaluation metrics. The details of each phase are discussed in the following

sections.
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4.2. Document Collection

The document data set that was used for the experiments were Amharic text News which
was collected from ENA and used by other previous researchers. Even though,
classification of news items is done manually, ENA uses software called ENASoft to
make the management of news items easy. Once the classification task is done manually,
ENASoft is used to dispatch news items into different Media such as Ethiopian Radio and
Television, Addis Zemen, Sheger FM and others. The total number of categories
collected and considered in this study are 10; with a total 3,154 Amharic news items or

documents.

4.3. Document Preprocessing

Document preprocessing is important to improve the accuracy, efficiency, and scalability of the
classification process. In order to get better experiment results, language dependent document
preprocessing should be performed before automatic classification is implemented. Text or
document preprocessing is the step by which the text is made comfortable to the learning
algorithm. The preprocessing includes a removal of non-informative words or characters from
the text. It is the first step in the preparation of documents to present them in a format suitable for

classification.

The process of tokenization, normalization and stemming is language-dependent and in this
thesis the different characteristics or features of the Amharic language were considered in the
development of the algorithms. The document preprocessing task was implemented using python
programming language (Python 3.1). The document preprocessing activities done in this thesis

are presented in the following subsections.

4.4. Amharic Document Transliteration

For ease of use and compatibility purposes, the Amharic documents originally written using the
Ambharic script fidel were transliterated to an ASCII representation using a file conversion utility
called g2 command. g2 command was made available to us through Daniel Yacob of the
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Ge’ez Frontier Foundation (Daniel ). Both document preprocessing activities and the
experiments were done using the transliterated form in order to simplify spelling normalization
of Amharic characters and to make it compatible with the classification tool used for the
experiments.

Tokenization

Tokenization is the process of breaking down of documents into individual tokens.

In the tokenization process irrelevant and noisy features for the classification process such as
punctuation marks and any non Amharic characters were removed from documents in the
collection using python. This is because these features are not relevant to represent the content of
documents and they have no contribution in discriminating one document or category from the

other.

Read document file
Read punctuations list
Read unnecessary characters list
For each token in file
If token ends with punctuation then
Remove punctuation from file
End if
If token is in characters list
Remove token from file
End if
End for

Figure 2document tokenization algorithm
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Normalization

In the Amharic writing system characters with the same sound have different symbols. These
different symbols must be considered as similar because they do not have effect on meaning. As
a result, in this study, all different symbols of the same sound were converted to one common
form. In order to exploit this equivalence Lakechew’s (Lakechew, 2011) algorithm was used.
Thus, for example, if the character was one of chi-hi% -7 > or i (all of them with a similar
sound , h) then it was converted to U. By the same token, all orders of w (with the sound s) were
changed to their equivalent respective orders of (, all orders of O (with the sound a) were
changed to their equivalent respective orders of A, all orders of 8 (with the sound tse) were

changed to their equivalent respective orders of A.

Read document file
Read characters list
For each token in file
If token is ¢h or <h or ¥ or-¥ or’N then
token is U
elseif w
token is O
elseif 0
token is A
End if
End for

Figure 3 Normalization algorithm
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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 usage,
transliteration, abbreviation, and spelling errors. Stemming might be used to normalize

word variants by removing affixes through identification of word-stems from full words.

Read document file
Read exception list
Read prefix list
Read suffix list
Assign the first 1, 2, 3,... character(s) of the token to prefix
Assign the last 1, 2, 3,... character(s) of the token to suffix
For each token in file
If token is not in exception list and prefix is in prefix list
Remove prefix from token
End if
If token is not in exception list and suffix is in suffix list
Remove suffix from token
End if
End for

Figure 4 Stemming algorithm
In this study, tools for removal of common prefixes and suffixes, correction variations
due to transliteration, correcting common spelling variation, and normalizing different

forms of words are adapted from Nega Alemayehu(Nega, 2002).
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Stop Word Removal

In case of irrelevant attributes in the dataset, attribute subset selection can be used to find
a reduced set of attributes while keeping the original data class distribution as much as
possible (Yohannes, 2007).

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 (Yu, 2005).

The stop words are of two kinds: those which are common to Amharic language text and
those Amharic news items. Like the English language, some words in Amharic are used
very frequently in the normal usage of the language such as ‘1@- (is), P$?° 27 (however),
etc. Common words of this kind were identified. Moreover, it is usual that news is full of
some common words that occur frequently in almost all news items. For instance, the
words -F'LL to mean ‘took place’, -FmMP<+ to mean ‘it was requested’, etc., frequently
occur in most Amharic news texts. Such words are verbs which are usually found at the
end of a sentence. Hence, news specific common words of this type were used as a
stopword list. Both types of common words were used by Lakechew (Lakechew, 2011) for

his experiment and adapted for this research.

Such stop words were saved as a file, and the file name was provided to the tool as the
tool is capable of reading the file and removes the stop words from each document during

the indexing process.

62



Read document file
Read stop word list
For each token in file
If token is in stop word list then
Remove token from file
End if
If token is number then
Remove token from file
End if
End for

Figure 5 Stop word removals

Compound words and abbreviations expansion

Compound words and abbreviations have different ways writing styles leading to inconsistency
in writing. This different and inconsistent representation of compound words and abbreviations
was solved by expanding all the short forms into their expanded form.

Concatenation of Compound Words

There are different representations of compound words in Amharic writing which result in an
increase in the dimension of the vector space. Hence, to solve this problem, algorithm 8 was used
to convert the expanded form into a single common standard form after creating a list that

contained such type of words.

Read document file
Read compound words list
For each token in file
If token is in list then
Concatenate token with the next token
End if
End for

Figure 6 Concatenation of compound words
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Term Weighting

For the purpose of classification and clustering, a document can be considered as a collection of
key words. These key words are often called features or attributes of the document. All terms or
words with in a document are not relevant equally to represent the contents of the document.
Term weighing is used to weight representative terms that describe and summarize document
content based on the importance of terms with in a document. Hence, in order to define the
importance of a word within Amharic text documents, a vector representation was used, where
for each word a numerical importance value is stored using the TF*IDF term weighting
approach.

Dimension Reduction

Document representation using bag of words create a problem in that the feature space becomes
very high dimensional which imposes a big challenge on the performance of clustering
algorithms. The computational complexity of any operations with such feature vectors will be
proportional to the size of the feature vector (Yang, 1997).

In addition, it has been shown that some specific words in specific languages only add noise to
the data and removing them from the feature vector actually improves classification performance
(Yang, 1997).

Feature selection not only reduces the high dimensionality of the feature space, but also provides
better data understanding, which improves the classification and clustering result (Sebastiani,
2002). Hence it is important to reduce the size of the feature vector by selecting only relevant
terms that leads to better clustering performance.

There are various methods applied for dimensionality reduction in document categorization.
Some common examples are Information Gain (IG), Mutual Information (MI), Chi-Square

Statistic, Term Strength (TS), and Document Frequency (DF) thresh holding.

4.5. Document classification and Evaluation

A number of different techniques are used to reliably estimate the accuracy of classifiers. The
techniques include Naivesbayes, Hyperpipes and RBF network for classification and EM for

clustering purpose. In the experimental part of this study cross-validation technique is used.
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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), D1, Dy, ..., Dk 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. Classification accuracy is estimated by dividing the
overall number of correct classification from the iterations by the total number of instances

(documents) in the initial data (Arzucan, 2002).

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 10-fold cross-validation is employed for estimating accuracy due to its
relatively low bias and variance. The 10-fold cross-validation is used for all experiments in this
research.

Evaluation of a classifier can be conducted by measuring its efficiency and its effectiveness.
Efficiency is typically measured by using the elapsed processor time and it refers to the ability of
a classifier to run fast. Efficiency of a classifier can usually be measured on two dimensions:
learning efficiency (i.e., the time a machine learning algorithm takes to generate a classifier from
a set of training examples) and categorization efficiency (i.e., the time the classifier takes to
assign appropriate categories to a new document). Because of the unstable nature of parameters
on which the evaluation depends, efficiency is rarely used as the singular performance measure
in text categorization. However, efficiency is important for the practical application of the
system.

A much more common evaluation method for text categorization systems is effectiveness: this
refers to the ability to take the right decisions on the categorization of new incoming documents.
There are several commonly used performance measures of effectiveness. However, there is no
agreement on one single measure for use in all applications. Indeed, the type of measure that is
preferable depends on the characteristics of the test data set and on the user’s interests. The
absence of one optimal measure of effectiveness makes it very difficult to compare the relative

effectiveness of classifiers (Arzucan, 2002).

65



In the next section, the study will discuss various performance measures of effectiveness that

have been widely used for the evaluation of text categorization systems.

4.6. Performance Measures of Effectiveness

While a number of different conventional performance measures are available for the
effectiveness evaluation for text categorization, the definition of almost all measures is based on
the same 2x2 contingency table model that is constructed as shown in following Table 2
In this table, ‘YES’ and ‘NO’ represent a binary decision given to each document dj under
category ci. Each entry in the table indicates the number of documents of the specified type:
» TP;: the numbers of true positive documents that the system predicted was YES, and were
in fact in the category c;.
* FP;j: the number of false positive documents that the system predicted were YES, but
actually were not in the category c;.
* FN;: the numbers of false negative documents that the system predicted were NO, but
were in fact in the category c;.
* TN;: the numbers of true negative documents that the system predicted were NO, and
actually were not in the category ci.
Here, note that the larger TP; and TN; values are (or the smaller FP; and FN; values are), the more

effective ¢; is.

label by human expert
category ¢
YES is correct NO is correct
predicted YES TP, P,
label by the system
predicted NO FN, N

Table 2 effectiveness evaluation for text categorization

Given such a two-way contingency table, most conventional performance measures compute a
single value from the four values in the table. The standard performance measures for classic
information retrieval research are recall and precision that has been also frequently adopted for

the evaluation for the text categorization.

66



These measures are computed as follows.

TP,
Recall = if TP, +EN, > 0
IP+EN: equation 22
TP,
Precision = if TP, +FP, > Q
TP, + FP,

.................................... equation 23

Recall measures the proportion of documents that are predicted to be YES and correct, against all
documents that are actually correct. While, the precision is the proportion of documents which
are both predicted to be YES and are actually correct, against all documents that are predicted
YES. In general, the higher precision is, the lower recall becomes, and vice versa. For example,
we can achieve very high precision by rarely predicting ‘YES’ (i.e., by setting a very high
threshold value) or very high recall by rarely predicting ‘NO’ (i.e., by setting very low threshold
value). For this reason, they are seldom used alone as a sole measure of effectiveness. Instead, it
is common in the literature to show two associated values of recall and precision at each level.

Other performance measures that are purely based on the contingency table are accuracy and

error. They are defined as follows:

P+

Accuracy = where |D|=7P,+ FP;, + FN,+ TN, > 0

e equation 24

Accuracy and error are also used for performance measures in text categorization. The accuracy
and error are defined as the proportion of documents that are correctly predicted and the
proportion of documents that are wrongly predicted, respectively. Both measures, in common,
have |D| which is the total number documents in their denominator.

67



CHAPTER FIVE

EXPERIMENT AND PERFORMANCE EVALUATION
Introduction

This chapter discusses the results obtained from the experiment. The experiments are performed
based on the concepts discussed in the previous chapters.

The experiments were done using three document classification and one clustering algorithms:
Naivesbay’s, Hyperpipes and RBF Network classification algorithm and EM clustering
algorithms. The results obtained from these classifications and clustering algorithms are
discussed and a comparison of these classification algorithms was done to select the best
classification solution among the algorithms.

5.1. Experimentations setup for supervised

For supervised experiment the researcher used the same data with semi-supervised, shown in
Table 3, a total of 10 classes and 3154 documents were used in the experimentation process. The
all documents are labeled to its pre-defined classes with the corresponding provided by ENA.

To test the performances of Naives bay’s, Hyperpipes and RBF Network classification
algorithms at increasing number of classes and documents, the different pre-defined number of
classes and the corresponding pre-classified documents were used to conduct the experiments.
The 10 categories were divided into three and the experiments were done on 4, 7 and 10 number
of classes using 1250, 2200 and 3154 documents respectively as shown in Table 3. The first
experiment was don on four classes: ‘economy’, ‘politica’, ‘sport’ and ‘tena’ that contain
relatively equal number of news items were selected. The second experiment was performed on
seven classes: ‘economy’, ‘politica’, ‘sport’, ‘tena’, ‘bahelnaturism’ ‘science’, and
maheberawiguday. The third experiment was performed on ten categories: ‘economy’, ‘politica’,

‘sport’, ‘tena’, ‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.
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Experiments No. | List of Classes used Number of documents Algorithms used

On four classes 1. Economy 292 1. Naives‘_baye’s
2. Hyperpipes
1 2. politica 301 3. RBF Network
3. sport 335
4. tena 322
Total 1250
On seven classes 1. Economy 292 1.Naives baye’s
2. politica 301 2.Hyperpipes
2 | 3. sport 335 3.RBF Network
4. tena 322
5. bahelnaturism 335
6. science 301
7. maheberawiguday 314
Total 2200
On ten classes 1. Economy 292 1.Naives baye’s
2. politica 301 2.Hyperpipes
3 3. sport 335 3.RBF Network
4. tena 322
5. bahelnaturism 335
6. science 301
7. maheberawiguday 314
8. Tmhert 597
9. Heg 319
10. Adega
338
Total 3154

Table 3 Experimentations setup
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5.1.1. Naive Bays Test
As explained in chapter two Naive Bays is one of the simple algorithms of machine learning. A
naive Bayes classifier could be defined as an independent feature model deals with a simple
probabilistic classifier based on applying Bays' theorem with strong independence assumptions.
The test results for the naive Bays classifier is discussed in the following sections.

Experiment on four classes
Four classes ‘economy’, ‘politica’, ‘sport’ and ‘tena’ that contain relatively equal number of

news items were selected; where 1250 news items were used. The classification accuracy for this
test can be shown using confusion matrix. A confusion matrix contains a row and column where
the row is actual categories and column is predicted number of documents classified to the
corresponding class. The following confusion matrix details are for the four classes:

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 956 76.48
%

Incorrectly Classified Instances 294 23.52

%
=== Confusion Matrix ===

a b c d <-- classified as
209 38 19 26 a = economy

91 194 29 22 b = politica

6 2 264 12 c sport

14 5 30 289 d = tena

Figure 7 confusion matrix for four classes using Naivebays

The first row indicates that 209 documents are classified correctly as the category ‘economy’;83
documents from this category are misclassified as other category.38 as ‘politica’; 19 as ‘sport’
and 26 as ‘tena’. The second row indicates 91 documents from the category ‘politica’ are
classified incorrectly to the category ‘economy’; 194 documents are classified correctly; 29
documents classified incorrectly to the category ‘sport’ and 22 documents are classified
incorrectly to the category ‘tena’. The third row indicates 6 documents from the category ‘sport’
are classified incorrectly to the category ‘economy’; 2 documents from the category ‘sport’ are
classified incorrectly to the category ‘politica’; 264 documents are classified correctly; and 12
documents classified incorrectly to the category ‘tena’. In the same manner, for the fourth row,

category ‘tena’, 14 documents classified incorrectly as a category ‘economy’, 5 documents are
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classified incorrectly to the category ‘politica’ 30 document is classified incorrectly to the
category ‘sport’ and 289 documents classified correctly in the category.

As we can see from the above experiment result the algorithm classified 76.48% of the
documents correctly and 23.52 % of the document incorrectly. That is correctly classified news
items are 956 out of 1251. The highest confusion (91) happened between politica and economy.
This shows that these classes have a lot in common.

Experiment on Seven classes
=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1330 60.4545 %
Incorrectly Classified Instances 870 39.5455 %

=== Confusion Matrix ===

a b c d e f g <-- classified as
214 33 19 33 28 41 o | a = science

39 90 52 49 29 44 6 | b = economy

24 38 195 17 27 21 22 | c = politica
2 2 0 187 17 16 0 | d = tena

le 17 9 34 210 28 7 | e = bahelnaturism

28 24 11 47 36 182 6 | f = maheberawiguday
4 4 5 3 9 17 252 | g = sport

Figure 8 confusion matrix for four classes using Naivebays

As we can see from the above experiment result the algorithm classified 60.4545 % of the
documents correctly and 39.5455 % of the document incorrectly. The highest confusion (49)
happened between tena and economy followed by tena and maheberawiguday (47). This shows
that these classes have a lot in common.

Experiment on ten classes

Time taken to build model: 0.02 seconds

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 2223 69.7084 %
Incorrectly Classified Instances 966 30.2916 %
=== Confusion Matrix ===
a b c d e f g h i I <-- classified as
284 3 1 2 1 0 3 5 2 4 | a = politica
11 168 32 36 26 23 34 17 16 11 | b = economy
4 17 235 6 23 19 17 27 32 10 | c = heg
3 23 14 168 10 18 18 13 16 5 d = science
0 4 10 1 264 11 7 3 10 0 | e = tena
1 12 30 11 31 138 13 21 18 5 | f = maheberawiguday
2 4 11 4 13 3 283 3 2 0 | g = tmhert
9 7 26 3 8 14 11 266 9 8 | h = bahelnaturism
2 4 24 11 18 17 6 14 198 4 | i = adega
2 2 8 2 4 5 1 12 6 219 | j = sport

Figure 9 confusion matrix for ten classes using Naivebays

From the above experiment result we can see that the algorithm classified 69.7084 % of the
documents correctly and 30.2916 % of the document incorrectly. From the confusion matrix the
highest confusion (36) happened between science and economy followed by tmhert and economy

(34). This shows that these classes are more related.

5.1.2. Hyperpipes
HyperPipes is a very simple algorithm that constructs a “hyperpipe” for every class in the data
set; each hyperpipe contains each attribute-value found in the examples from the class it was
built to cover. An example is classified by finding which hyperpipes covers it the best.
Extremely simple algorithm, but has the advantage of being extremely fast, and works quite well
when you have lots of attributes.

Experiment on four classes
Test mode:10-fold cross-validation

=== Classifier model (full training set) ===
HyperPipes classifier
Time taken to build model: 0 seconds

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 925 74

%
Incorrectly Classified Instances
%

325 26

Confusion Matrix

a b c d <-- classified as
202 56 11 23 | a = economy

97 204 12 23 | b = politica

16 10 249 9 | c = sport

25 18 25 270 | d = tena

Figure 10 confusion matrix for four classes using hyperpipe

As we can see from the above experiment result the algorithm classified 74% of the documents

correctly and 26% of the document incorrectly. From the confusion matrix the highest confusion

(97) happened between politica and economy. This shows that these classes are more related.

Experiment on seven classes
Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1171 53.2273 %
Incorrectly Classified Instances 1029 46.7727 %
=== Confusion Matrix ===
a b c d e f g <-- classified as
251 28 33 10 13 36 3 | a = science
85 86 55 19 22 38 4 | b = economy
52 74 154 5 19 18 22 | c = politica
27 22 3 126 25 21 0 | d = tena
41 29 13 19 184 31 4 | e = bahelnaturism
75 43 20 24 37 133 2 f
maheberawiguday
9 9 10 1 11 17 237 | g = sport

Figure 11 confusion matrix for seven classes using hyperpipe

As it is shown in the above the algorithm classified 53.2273% of the documents correctly and

46.7727 % of the document incorrectly. As we can see from confusion matrix the highest

confusion (85) happened between politica and economy followed by maheberawiguday and

economy (75). This indicates that these classes are more related each other.
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Experiment on ten classes
Test mode:10-fold cross-validation

=== Classifier model (full training set) ===
HyperPipes classifier
Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1484 46.535 %
Incorrectly Classified Instances 1705 53.465 %
=== Confusion Matrix ===
a b c d e f g h i j <-- classified as
128 67 31 10 5 9 11 19 7 18 | a = politica
65 158 38 26 22 10 35 14 5 1] b = economy
15 46 193 11 26 19 23 34 20 3 | c = heg
9 53 27 117 11 10 26 18 15 2 d = science
3 17 28 7 203 17 21 2 12 0 | e = tena
7 25 56 17 34 81 22 25 11 2 | f = maheberawiguday
6 50 38 9 34 19 137 19 12 1] g = tmhert
18 17 59 22 16 22 22 162 15 5 | h = bahelnaturism
12 16 60 14 27 18 13 16 122 0 | i = adega
16 5 19 0 4 7 5 14 8 183 | j = sport

Figure 12 confusion matrix for ten classes using hyperpipe

As we can see from the above experiment result the algorithm classified 46.535% of the
documents correctly and 53.465 % of the document incorrectly. From the confusion matrix the
highest confusion (65) happened between politica and economy followed by heg and adega (60).

This shows that these classes have a lot in common.

5.1.3. RBF network
Radial basis function (RBF) networks have a static Gaussian function as the nonlinearity for the
hidden layer processing elements. The Gaussian function responds only to a small region of the
input space where the Gaussian is centered. The key to a successful implementation of these
networks is to find suitable centers for the Gaussian functions. The simulation starts with the
training of an unsupervised layer. Its function is to derive the Gaussian centers and the widths
from the input data. These centers are encoded within the weights of the unsupervised layer

using competitive learning. During the unsupervised learning, the widths of the Gaussians are
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computed based on the centers of their neighbors. The output of this layer is derived from the
input data weighted by a Gaussian mixture (Stig-Erland, 2007).

The advantage of the radial basis function network is that it finds the input to output map using
local approximators. Usually the supervised segment is simply a linear combination of the
approximators. Since linear combiners have few weights, these networks train extremely fast and

require fewer training samples.

Experiment on four classes
Time taken to build model: 1.08 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 902 72.16
%
Incorrectly Classified Instances 348 27.84

%
=== Confusion Matrix ===

a b c d <-- classified as
206 39 20 27 | a = economy

93 170 46 27 | b = politica

7 3 247 27 | c = sport

23 6 30 279 | d = tena

Figure 13 confusion matrix for four classes using RBF Network

As it is depicted in the above the algorithm classified 72.16% of the documents correctly and
27.84 % of the document incorrectly. As we can see from the confusion matrix the highest
confusion (93) happened between politica and economy. This shows that these classes are more
related.

Experiment on seven classes
Time taken to build model: 1.77 seconds

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 1243 56.5 %
Incorrectly Classified Instances 957 435 %
=== Confusion Matrix ===
a b c d e f g <-- classified as
203 34 19 47 10 58 3 | a = scilence
35 88 48 64 12 59 3 b = economy
20 42 189 26 16 36 15 | c = politica
3 2 0 183 7 29 0 | d = tena
le 13 11 47 140 93 1 ] e = bahelnaturism
23 21 10 48 18 213 1| f = maheberawiguday
3 6 11 15 4 28 227 | g = sport

Figure 14 confusion matrix for seven classes using RBF Network

As we can see from the above experiment result the algorithm classified 56.5% of the documents
correctly and 43.5 % of the document incorrectly. From the confusion matrix the highest
confusion (64) happened between politica and economy followed by maheberawiguday and
economy (59). This shows that these classes have a lot in common.

Experiment on ten classes
Time taken to build model: 48.89 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1890 59.2662 %
Incorrectly Classified Instances 1299 40.7338 %
=== Confusion Matrix ===
a b c d e f g h i 3 <-- classified as
288 2 4 2 1 1 0 3 2 2 a = politica
11 133 54 49 26 72 10 8 11 0 | b = economy
4 15 224 11 19 73 8 9 26 1 | c = heg
4 30 28 155 13 34 6 6 11 1 | d = science
0 18 17 4 243 1o 1 3 8 0 | e = tena
1 29 47 11 29 142 6 3 11 1 | f = maheberawiguday
3 18 61 14 27 10 187 5 0 0 | g = tmhert
4 15 31 7 14 54 40 181 9 3 h = bahelnaturism
3 5 49 11 20 31 4 9 163 3 i = adega
3 14 21 4 6 24 0 3 12 174 | j = sport

Figure 15 confusion matrix for ten classes using RBF Network

As we can see from the above experiment result the algorithm classified 59.2662 % of the
documents correctly and 40.7338 % of the document incorrectly. The confusion matrix shows
the highest confusion (54) happened between politica and economy followed by heg and adega

(54). This shows that these classes have a lot in common.
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Number of classes Naivebays Hyperpipes RBF Network accuracy
accuracy(%) accuracy(%) (%)
Four
76.48 74 72.16
56.5

Table 4 Comparision of algorithms at different class level

As shown in Table and figure above, Naivebays achieved the highest performance in terms of

accuracy.

5.2. Experimentations setup for semi-supervised learning

As shown in Table 3, a total of 10 classes and 3154 documents were used in the experimentation
process. The list of pre-defined classes with the corresponding documents is already provided by
ENA. These pre-classified documents were used as a centroid before clustering.

To test the performances of Naives bay’s, Hyperpipes and RBF Network classification
algorithms at increasing number of classes and documents, the different pre-defined number of
classes and the corresponding pre-classified documents were used to conduct the experiments.
The predefined classes were arranged in the manner that each classes are not related. That means
classes that have great similarity have smaller probability to be selected at the same time. The 10
categories were divided into three and the experiments were done on 4, 7 and 10 number of

classes using 1250, 2200 and 3154 documents respectively as shown in Table 3.

5.2.1. Naive Bayes Test

Experiment on four categories

Four classes ‘economy’, ‘politica’, ‘sport’ and ‘tena’ that contain relatively equal number of
news items were selected; where 1250 news items were used. The classification accuracy for this
test can be shown using confusion matrix. A confusion matrix contains a row and column where
the row is actual categories and column is predicted number of documents classified to the
corresponding class. The following confusion matrix details are for the four classes:

Time taken to build model: 0.02 seconds
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=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 1043 83.44 %
Incorrectly Classified Instances 207 16.56 %
Total Number of Instances 1250

=== Confusion Matrix ===

a b c d <-- classified as
237 39 4 12 | a = economy
81 187 13 20 | b = politica
7 5 307 1lo6 | c = sport
o 4 0 312 | d = tena

Figure 16 confusion matrix for four classes using Naivesbays

The first row indicates that 237 documents are classified correctly as the category ‘economy’;55
documents from this category are misclassified as other category.39 as ‘politica’; 4 as ‘sport” and
12 as ‘tena’. The second row indicates 81 documents from the category ‘politica’ are classified
incorrectly to the category ‘economy’; 187 documents are classified correctly; 13 documents
classified incorrectly to the category ‘sport” and 20 documents are classified incorrectly to the
category ‘tena’. The third row indicates 7 documents from the category ‘sport’ are classified
incorrectly to the category ‘economy’; 5 documents from the category ‘sport’ are classified
incorrectly to the category ‘politica’; 307 documents are classified correctly; and 16 documents
classified incorrectly to the category ‘tena’. In the same manner, for the fourth row, category
‘tena’, 6 documents classified incorrectly as a category ‘economy’, 4 documents are classified
incorrectly to the category ‘politica’ 0 document is classified incorrectly to the category ‘sport’
or there is no economy document that are predicted as politica and 312 documents classified
correctly in the category. So, correctly classified news items are 1,052 out of 125land the
average accuracy is 83.44 percent. The highest confusion (81) happened between politica and
economy. This shows that these classes have a lot in common.

Experiment on Seven Categories

The second experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism”’ ‘science’, and maheberawiguday.

=== Stratified cross-validation ===
=== Summary ===
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Correctly Classified Instances 1576 71.6364 %
Incorrectly Classified Instances 624 28.3636 %
Total Number of Instances 2200

=== Confusion Matrix ===

a b c d e f g <-- classified as
203 27 3 13 12 14 20 | a = economy
58 167 11 10 20 17 18 | b = politica
1 3 296 6 15 2 12 | c = sport
4 4 0 280 2 9 23 | d = tena
9 2 6 21 2061 6 30 | e = bahelnaturism
19 [ 2 23 15 205 31 | f = science
16 9 3 69 31 22 164 | g =

maheberawiguday

Figure 17 Confusion matrix for seven classes using Naivesbays

As we can see from the above experiment result the algorithm classified 71.6364% of the
documents correctly and 28.3636 % of the document incorrectly. From the confusion matrix we
can see that the highest confusion (69) is happened between tena and maheberawiguday followed
by ecoinomy and politica(58). This shows that tena and maheberawiguday have a lot in common.

Experiment on ten Categories

The third experiment was performed on ten categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.

Time taken to build model: 0.02 seconds
=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 2032 64.4261 %
Incorrectly Classified Instances 1122 35.5739 %
Total Number of Instances 3154

=== Confusion Matrix ===

a b c d e f g h i 3 <-- classified as
197 26 1 9 13 8 12 10 6 10 | a = economy
53 153 8 5 13 14 13 9 26 7] b = politica
1 3 288 5 10 2 11 6 5 4 | c = sport
4 1 0 263 1 9 12 18 3 11 | d = tena
5 0 5 17 241 4 23 16 13 11 | e = bahelnaturism
12 5 0 11 11 179 18 47 6 12 | f = science
16 7 3 49 18 18 124 38 17 24 | g = maheberawiguday
2 3 0 31 6 17 9 222 3 4 | h = tmhert
10 15 2 17 29 7 34 29 146 30 | i = heg
3 14 1 23 20 13 20 14 11 219 | j = adega

Figure 18 confusion matrix for ten classes using Naivesbays
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As we can see from the above experiment result the algorithm classified 2032 (64.4261% ) of the
document correctly and 1122(35.5739%) of the documents incorrectly. As it is shown in the
confusion matrix the highest confusion (53) is happened between ecoinomy and politica
followed by tena and maheberawiguday). This shows that ecoinomy and politica have a lot in

common.

Number of classes Accuracy performance achieved
4 83.44 %

7 71.6364 %

10 64.4261 %

Table 5 accuracy performances achieved at different levels of class using Naivebays algorithm

From the above table, the highest accuracy is 83.44% and the lowest is 64.4261 % when the
number of class is four and ten respectively. The seven class category yields an accuracy of
71.6364 %. From this we can deduce that when the number of class increase the accuracy goes in

a reverse way. This is due to the increase of similarity between classes.

5.2.2. Hyper Pipes test

Experiment on four categories

The first experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, and
‘tena’.
HyperPipes classifier

Time taken to build model: 0.01 seconds
=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1035 828 %
Incorrectly Classified Instances 215 172 %
Total Number of Instances 1250

=== Confusion Matrix ===

a b c d <-- classified as
242 38 1 11 | a = economy

95 176 17 13 | b = politica

[ 4 320 5 c = sport
16 9 0 297 | d = tena

Figure 19 confusion matrix for four classes using Hyperpipes
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As we can see from the confusion matrix details 1035 news items out of 1250 are correctly
classified and the average percent accuracy is 82.8%. The highest confusion (95) happened
between politica and economy. This shows that these classes have a lot in common.

Experiment on seven categories

The second experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism’ ‘science’, and ‘maheberawiguday’.
Test mode:10-fold cross-validation

=== Classifier model (full training set) ===

HyperPipes classifier

Time taken to build model: 0.01 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1529 695 %
Incorrectly Classified Instances 671 305 %
Total Number of Instances 2200

=== Confusion Matrix ===

a b c d e f g <-- classified as

211 34 4 7 8 16 12 | a = economy
70 le6 15 12 17 714 | b = politica
4 3 304 2 11 2 9 | c = sport
9 5 0 261 7 10 30 | d = tena
9 9 10 23 259 9 16 | e = bahelnaturism
26 11 2 27 18 188 29 | f = science
25 13 7 62 37 30 140 | g = maheberawiguday

Figure 20 confusion matrix for seven classes using HyperPipes

As shown from the above confusion matrix details 1529 news items out of 2,200 are correctly
classified and the average percent accuracy is 69.5 percent. As we can see from the confusion
matrix the highest confusion (70) happened between politica and economy followed by tena and
maheberawiguday (62). This shows that these classes have a lot in common.

Experiment on ten categories

The third experiment was performed on ten categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,

‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.
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Test mode:10-fold cross-validation

=== Classifier model (full training set) ===

HyperPipes classifier

Time taken to build model: 0.03 seconds

=== Stratified cross-validation

=== Summary ===

Correctly Classified Instances

Incorrectly Classified Instances

Total Number of Instances

=== Confusion Matrix

a b c
196 32 3
69 151 9
2 3 298
9 4 0
10 5 10
21 6 1
16 9 7
12 3 0
13 31 4
10 11 4

d

6

6

2
238
19
18
48
43
23
27

e
11
16
12

3

248

8
27
12
22
20

1944

1210

3154
f g
13 12
9 10
4 8
8 23
6 19
181 22
20 125
26 23
10 35
15 29

N
(ool TN IR I e 3

29
24
170
17
5

61.636 %
38.364 %
i 3 <-- classified as
6 6 | a = economy
18 5 | b = politica
1 1 ] c = sport
2 14 | d = tena
S 4 | e = bahelnaturism
7 8 | f = science
21 17 | g = maheberawiguday
4 4 | h = tmhert
142 22 | i = heg
22 195 | J = adega

Figure 21 confusion matrix for ten classes using Hyperpipes

As shown from the above figure confusion matrix details 1,944 news items out of 3,154 are

correctly classified and the average percent accuracy is 61.636 percent. From the confusion

matrix we can see that the highest confusion (69) happened between politica and economy

followed by tmhert and tena(48). This shows that these classes have a lot in common each other.

Number of classes

Accuracy performance achieved

4 82.8 %
7 69.5%
10 61.636%

Table 6 Accuracy performance achieved at different levels of class using Hyperpipe algorithm

From the above table, the highest accuracy is 82.8% and the lowest is 61.636 % when the

number of class is four and ten respectively. The seven class category yields an accuracy of

69.5%. From this we can conclude that when the number of class increase the accuracy goes in a

reverse way.
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5.2.3. Radial basis function network (RBF Network) Test

Experiment on four categories

The first experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, and
‘tena’.

Test mode:10-fold cross-validation

=== Classifier model (full training set) ===

Radial basis function network

Time taken to build model: 0.22 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1030 824 %
Incorrectly Classified Instances 220 176 %
Total Number of Instances 1250

=== Confusion Matrix ===
a b c d <-- classified as

246 28 5 13 | a = economy
93 167 28 13 | b = politica
2 4 318 11 | c = sport

13 8 2 299 | d = tena

Figure 22 confusion matrix for four classes using RBF Network

Correctly classified news items are 1,030 out of 1251and the average accuracy is 82.4%. The
confusion matrix shows that the highest confusion (93) happened between politica and economy.
This shows that these classes are more related.

Experiment on seven categories

The second experiment was performed on seven categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,
‘bahelnaturism’ ‘science’, and ‘maheberawiguday’.

Time taken to build model: 2.2 seconds

=== Stratified cross-validation ===

=== Summary ===

83



Correctly Classified Instances 1501 68.2273 %
Incorrectly Classified Instances 699 31.7727 %
Total Number of Instances 2200

=== Confusion Matrix ===

a b c d e f g <-- classified as
206 28 12 8 30 4 5 | a = economy

62 157 14 1o 37 13 1 ] b = politica

17 7 193 12 65 1 o | c = science

12 6 7 213 77 11 9 | d = bahelnaturism

17 8 19 15 220 7 28 | e = maheberawiguday
3 4 1 10 28 288 4 | f = sport
9 7 15 6 ol 0 224 | g = tena

Figure 23 confusion matrix for seven classes using RBF Network

As shown from the above confusion matrix details 1501 news items out of 2,200 are correctly
classified and the average percent accuracy is 69.5 percent. Confusion matrix of the experimental
result indicates that the highest confusion (62) happened between politica and economy followed
by tena and maheberawiguday (61). This shows that these classes are more related.

Experiment on ten categories

The third experiment was performed on ten categories: ‘economy’, ‘politica’, ‘sport’, ‘tena’,
‘bahelnaturism’ ‘science’, ‘maheberawiguday’, ‘tmhert’,’heg’ and ‘adega’.

Time taken to build model: 10.09 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 1673 53.0438 %
Incorrectly Classified Instances 1481 46.9562 %
Total Number of Instances 3154
=== Confusion Matrix ===
a b c d e f g h i 3 <-- classified as
179 34 2 14 8 4 29 14 7 1 ] a = economy
49 143 o 13 7 8 34 13 25 3 b = politica
3 6 274 4 12 2 18 9 5 2 c = sport
7 4 0 227 2 0 29 40 4 9 | d = tena
5 4 6 18 204 1 63 26 6 2 | e = bahelnaturism
21 15 4 21 18 53 45 107 13 4 | f = science
10 9 3 38 20 4 143 60 19 8 | g = maheberawiguday
3 4 0 30 5 26 20 203 5 1 ] h = tmhert
13 19 1 15 24 7 92 23 114 11 | i = heg
6 22 1 38 18 10 48 29 33 133 | J = adega

Figure 24 confusion matrix for ten classes using RBF Network
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As shown from the above confusion matrix details 1673 news items out of 3154 are correctly
classified and the average percent accuracy is 69.5%. From the confusion matrix the highest
confusion (92) happened between heg and maheberawiguday followed by politica and economy
(49). This shows that these classes have a lot in common.

Number of classes Accuracy performance achieved
4 82.4%

7 68.2273%

10 53.0438%

Table 7 accuracy performances achieved at different levels of class using RBF Network

algorithm

From the above table, the highest accuracy is 82.4% and the lowest is 53.0438% when the
number of class is four and ten respectively. The seven class category yields an accuracy of
68.2273%. From this we can say that when the number of classes increases the accuracy goes in
a reverse way.

The above all experimental confusion matrix shows that politca and economy have a lot in
common. This means these classes are more related followed by tena and maheberawiguday.
DISSCUSSIONS

The classification algorithms used in the experiments presented in this paper were implemented
from WEKA package. These algorithms were chosen to include diverse set of paradigms, while
high computational efficiency. Based on the above experimental results, we can clearly see that
the highest accuracy is 83.44 % and the lowest is 82.4% when the number of class is four. The
other algorithm yields an average accuracy of 82.8%. In fact, the highest accuracy belongs to the
NaiveBayes classifier, followed by Hyperpipes and Radial basis function with a percentage of
82.8% and 82.4%.

5.3.  Comparison of classification Algorithms

In this research different classification algorithms were used. The performances of each
document classification algorithms: Naivebayes, Hyperpipe and RBF network were compared
using their accuracy. Table below shows the comparison of the classification results obtained by
Naivebayes, Hyperpipe and RBF network for the 4, 7 and 10 classes.
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Number of classes nave Hyperpipe RBF network

Four 83.44 82.8 82.4
Seven 71.636 69.5 68.2273
Ten 64.4261 61.636 53.0438

Table 8 performance evaluation at different class stages

Algorithm comparision
—&— RBF Network =ll=Hyperpipes Naives
83.44
71.636
P23 64.4261
‘._::o C
=l 61.636
824 0682273
- 53.0438
Four seven Ten

Figure 25 performance evaluation different classification algorithm and different class levels

As shown in Table and figure above, the Naivebays achieved the highest performance in terms of
accuracy in all number of classes. However, the accuracy of all algorithms decreases as the
number of categories increases.

In this simple experiment, from Figures, we can say Naivebays classifier requires the shortest
time which is around 0.02 seconds compared to the others when class level is 10. Radial basis

function (RBF) networks algorithm requires the longest model building which is 10.09 seconds.
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5.1. Comparison of Supervised and Semi-supervised classification

Machine learning | Number ~ of | Naves Hyperpipe RBF network
approaches classes
Supervised Four 76.48 74 72.16
Seven 60.4545 | 53.2273 56.5
Ten 69.7084 46.535 59.2662
Semi-Supervised | Four 83.44 828 82.4
Seven 71.6364 69.5 68.2273
Ten 55.4209 57.2618 51.9056

Table 9 performance comparison of semi-supervised and supervised performance

As shown experimental results above, all the results of semi-supervised classification approach is
quite greater than supervised machine learning approaches. Therefore, this indicates that semi-

supervised text classification is significantly better than supervised text classification.
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CHAPTER SIX

CONCLUSION AND RECOMMENDATIONS

6.1. Conclusion

In this study, the potential application of semi-supervised Learning approach for the
classification of Amharic news documents was explored and is both feasible and important. The
effect of the number of classes and the size of documents used on the performance and efficiency
of classification algorithms was tested and compared using different data sets. Moreover, the
performances of these classification algorithms were also tested at increasing number of classes
using the same data set.

The study shows that semi-supervised approach for Amharic news classification significantly
improve predictive accuracy over different classes, the semi-supervised approach was more
successful (significantly better in for cases) than supervised and unsupervised approaches.

In this study, three classification algorithms including Naives bays, Hyperpipes and RBF
Network are applied to Amharic news dataset.

Based on the experiments done in this study, the following concluding remarks were made.

» As the number of classes and documents increase, the accuracy produced by different
classifiers, Naives bay’s, Hyperpipes and RBF Network, become decreased and requires
relatively high computational requirements. Moreover, it is learnt that considering
categories with equal number of news items increases the performance of the classifiers.

» The best result obtained by the Naives bay’s, Hyperpipes and RBF Network, classifiers is
on four categories data (83.44% 82.8% and 82.4%) and the least performance is shown
on the 10 categories data (64.4261% , 61.636, and 53.0438%) respectively. Compared to
Hyperpipes and RBF Network Naives bay’s classifier methods obtain a good result.
Naives bay’s shows that it can provide better results with larger training set. This paper
indicated that naive Bayes classifier is more applicable to Amharic news articles than
Hyperpipes and RBF Network classifiers.

» All the classification algorithms: Naives bay’s, Hyperpipes and RBF Network achieved
better classification accuracy in semi-supervised than supervised. Therefore we can say

that applying semi-supervised text classification better than supervised approach.
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6.2.

Recommendations

This study shows the potential application of semi-supervised machine learning techniques to the

analysis of textual Amharic documents is both feasible and crucial. However, recommendations

for further research are forwarded to improve the performance of document classification and to

explore all algorithms and applications of semi-supervised document classification especially for

local languages. Thus, the recommendations forwarded are organized as follows.

v

The Naivesbayes, Hyperpipes and RBF Network classifiers used in this research have
shown good accuracy. Therefore, there is a need to look for other classifiers with less
processing cost and better accuracy.

The availability of standard stop-word list would possibly facilitate researches in the
areas of automatic classification. Nevertheless, there is no standard stop word list for use
in the Amharic language. Therefore; a standard Ambharic stop-word list should be
developed.

As to the researcher’s knowledge, there is no standard corpus open for researchers to
apply different machine learning approaches. Researchers can devote much time on their
work and explore more if standard corpus is prepared for Amharic classification
experiments like ‘Reuters-21578’ for English.

The bag of words representation approach which describes each document with its most
significant terms was used in this thesis. However, future researchers may consider
different document representation approaches such as phrase based and ontology based
representations to select index or representative terms.

Feature researchers can also compare the performance of semi-supervised learning
approaches with the unsupervised approaches and two step approach using the same
evaluation methods and document collections.

Currently, few researches were conducted on automatic Amharic news classification and
the results of the researches are promising. However, ENA still uses manual classification
of News. So, it is better for the agency to review the different research works and to start
the implementation of automatic classification of news.

There is also a mismatch between the news categories provide by ENA and the clusters
discovered by automatic clustering algorithms. Hence, it is better for the agency to revisit

it news categories based on these findings.
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v A number of researches were done on Amharic text document classification. However, as
to the knowledge of the researcher, all the previous studies were conducted using
Ambharic text news item only. Future researchers can also explore document classification
techniques to various real world problems such as classification and clustering of
research papers and e- mail messages. Moreover, document classification and clustering
techniques can also be extended to other local languages if huge collection of documents

is available.
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APPENDIXES

Appendix 1 Amharic alphabets

1!-1:

ShiblucksernpbbasRrlaieuNathaxxth
1¢Ah iuaKaChknr canRB e BRRYur b o ki b
A4l o ad prarud e 2R e du e Eadddp
refETvcr o hhr e rFbeofuenEl paxeh
ALEE T oA ad P f IR R g R W ER e

ALlibipitplanartkifdottodntblaeret

un&wwdhﬁ¢ﬂ+$?1¢hhﬁmﬂﬂﬁ?£fvmmﬂﬂﬁaT

Shows Amharic characters

102



Appendix 2 Amharic number characters

5 &€ r o &£ 72 1 I ® 1
1 2 3 4 5 6 7 ] ] 10
£ 0 5 § ¥ ¢ W I ¢ &
20 40 a0 J<11] 70 a0 30 100 10000

Shows Amharic number characters

Appendix 3 special Amharic characters

Ll S AR ol bt ol B Ay SAe SR RN ) SR |l

ki |k™a|k™e| k™| h™ |h¥a| h¥ | h™i | k™ [ k™a | kK% | k™ | g"i

302|400 DDk W e | & &

g¥a | gV | g¥i|1Ma | b%a [z%a|t™a |m™a| t"a | 3%a | §"™a | r"a | f™a

2 A0S |8|4&0 K 2|9 &R

&™a |ts™a| s"a | n™a | d¥a |[fYa| [Ya | pYa | rfa | a | fa e

Shows special Amharic characters

Appendix 4 Amharic punctuation marks

L -

—_—
[]
L]

i

comma full stop fperiod colon semi-colon preface colan

Shows Ambharic punctuation marks
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gquestion mark

(ho longer used)
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