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Abstract

The advancement of the present day technology esablke production of huge amount of
information. Retrieving useful information out diese huge collections necessitates proper
organization and structuring. Automatic text cléisation is an inevitable solution in this regard.
However, the present approach focuses on thel8lasification, where each topic is treated as a
separate class, which is inadequate in text claggdn where there are a large number of classes

and a huge number of relevant features neededtiogliish between them.

This paper explores the use of hierarchical strecfor classifying a large, heterogeneous
collection of Amharic News Text. The approach mé&B the hierarchical topic structure to
decompose the classification task into a set ofplEmproblems, one at each node in the
classification tree.

An experiment had been conducted using a catedatata collected from Ethiopian News
Agency (ENA) using SVM to see the performanceshef hierarchical classifiers on Amharic
News Text. The findings of the experiment showdhbeuracy of flat classification decreases as
the number of classes and documents (featurespases. Moreover, the accuracy of the flat
classifier decreases at an increasing number ofdapre set. The peak accuracy of the flat

classifier was 68.84 % when the top 3 features weeel.

The findings of the experiment done using hierar@hiclassification show an increasing

performance of the classifiers as we move dowrhibearchy. The maximum accuracy achieved
was 90.37% at level-3(last level) of the categoegt Moreover, the accuracy of the hierarchical
classifiers increases at an increasing numberpofeature set compared to the flat classifier. The

peak accuracy was 89.06% using level three classifinen the top 15 features were used.

Furthermore, the performance between flat clags#re hierarchical classifiers are compared
using the same test data. Thus, it shows that futhe dnierarchical structure during classification
has resulted in a significant improvement of 2942n exact match precision when compared
with a flat classifier.

Keywords: Automatic Text Classification, Flat Classificatio Hierarchical Classification,
Support Vector Machine



Chapter One

Introduction

1.0. Background

Humans use classification techniques to organimgshin various activities of their life. People
make their own judgment to classify things in thereryday life — they classify things based on

similarities or likeliness of color, size, concepigas, subject and so on (Koller& Sahami, 1997).

The need to classify information resources has rnecan important issue as the production of
such resources increase dramatically from timénte.tMore specifically, for the last 6 decades
(Dumais & Chen, 2000), there is a great increagberproduction of information. Manuscripts,

newspapers, journals, magazines, thesis and dieed are available electronically in different
formats such as text, audio, video, and graphieef@l studies have shown that these
collections are constantly growing from time to ¢irdue to the advancement of technology
(Chien et.al. 2004). However, seeking informatmhnone’s need in these huge collections
requires organization. Especially in a system whbeze is large collection of documents,
retrieval of a given document or set of documestpassible if the collection is organized

systematically. Many web sites offer a hierarchycarganized view of the Web. E-mail clients

offer a system for filtering e-mail. Academic commities often have a Web site that allows

searching on papers and shows an organizationpefrpa

Nowadays, news items are produced every day itatligevices and organized in some order
(Rennie, 2001). However, most of the time, texssification process is done manually which
brings about enormous costs in terms of time andeyoln other words, organizing documents

by hand or creating rules for filtering is painstekand labor-intensive



Therefore, automatic classification systems arey v@esirable since they minimize such

problems (Neumann & Schmeier, 1999; Rennie, 2001).

Automatic text classification can be done using fapproaches (Sebastiani, 2002; Rasmussen,
1992): clustering or classification. Text clusterirs the automatic identification of a set of
natural categories and the grouping of documentmurach. Text classification, on the other

hand, is the automatic assignment of documentptedefined set of categories.

Many previous studies focus @lat classification, in which the predefined categories are treated
individually and equally so that no structures etasdefine relationships among them (Yang &
Liu, 1999; D'Alessio et al., 2000). A single hudassifier is trained which categorizes each new

document as belonging to one of the possible pieettlasses.

Limitations to the flat classification approach &=iin the fact that, as the Internet grows, the
number of possible categories increases and thdebimes between document classes are
blurred. As we use a large corpus we may have ledsdof classes and thousands of features.
The computational cost of training a classifier #@rproblem of this size is prohibitive.
Furthermore, the variance of the resulting classif$ typically very large; since such a model
will have many thousand parameters which need teshimated and thus can easily lead to over

fitting of the training data.

Even though, previous work (Koller & Sahami, 19835 shown that feature selection can be a
useful tool in dealing with these issues by elirtim@ many of the words that appear in the
corpus as being unindicative of any topic so astitain a significant increase in accuracy, the

computational cost and the robustness still pagafgiant limitations.



To resolve this issue, Koller and Sahami (1997 gssgthe use of hierarchical structures in text
classification. In hierarchical text classificati®un & Lim, 2001) a large classification problem

can be addressed using a divide-and-conquer agpratier (1997) proposed an approach that
utilizes the hierarchical topic structure to decos®the classification task into a set of simpler
problems, one at each node in the classificatiee. tAt each level in the category hierarchy, a
document can be first classified into one or mare-gategories using some flat classification
methods. In such a hierarchical structure docurhgrgs become more specific as we go down
in the hierarchy. We can use features from bothctireent level as well as its children to train

this classifier. Rather than ignoring the topidalisture and building a single huge classifier for

the entire task, we use the structure to breabtblelem into manageable size pieces.

There are various reasons why researchers are atedifor designing hierarchical document

classification (D’Alessio et.al. 2000).

» First, rather than issue keyword-based queries fgemeral-purpose search engines, many
users prefer to look for information by browsingiairchical catalogs and by issuing queries
that are corresponding to specific topics. Expenitmehave shown that an interface that
organizes on the fly the keyword-based queries éoarchies improves usability, search
success rate and user satisfaction.

e Second, hierarchical structures identify only pa&anld and no complex relationship
between the categories and provide a valuablenrdton source for many problems. Since
hierarchical structures enable the use of a digit-conquer approach, they result in higher
efficiency and accuracy.

« Third, the flattened classifier loses the intuitithat topics that are close to each other in

hierarchy have more in common with each other,einegal, than topics that are spatially far



apart. These classifiers are computationally simple they lose accuracy because the
categories are treated independently and relatiprasshong the categories is not exploited.

» Fourth, text categorization in hierarchical settprgvides an effective solution for dealing
with very large problems. By treating problems arehically, the problem can be
decomposed into several problems each involvingaler number of categories. Moreover,
decomposing a problem can lead to more accurateadiped classifiers.

» Lastly, it is important to note that the key hesenot merely the use of feature selection, but
its integration with the hierarchical structure.sigle flattened classifier would have to
consider all of these features in order to do asaeable job of classifying all of the
documents. For any given document, however, moshede features are irrelevant, and
serve only to confuse the classifier. In the higmaral approach, a document percolating
down the hierarchy of classifiers only encountaresgions concerning a small fraction of the
features throughout the process.

In general, the use of the hierarchical structutews developers to focus on the relevant

distinctions in the dependency model.

Hierarchical classifications of this type have ldmgen used in special-purpose collections of
documents such as MEDLINE or collections of patdotuments (Koller & Sahami, 1997).
Several researchers have studied the use of Hiezardor text classification and obtained
promising results (D'Alessio et al., 2000; Sun &nl.i2001; Ashwin & Susan, 2001). Their
findings have shown that the use of the hierartlsizacture during classification has resulted in
a significant improvement of 45.4% in exact matalecsion when compared with a flat
classifier. More recently, they have been useckiresl internet search engines, such as Yahoo

(Yahoo! 1995) or Infoseek (Infoseek 1995) to catemgothe contents of the World Wide Web.



1.1. Statement of the Problem and Its Justification

The automated classification (categorization) atdénas been flourishing in the last decade or
so due to incredible increase in electronic documen the Internet; this renewed the need for
automated text classification (Klein, 2004). Evéaough, extensive studies have been already
done for English language, other languages hawe atsacted increasing attention these days

including Amharic, Arabic and Chinese texts (Chéniyoh, 2003; Solomon & Menzel, 2007).

Ambharic is the native language of people livingtire north central part of Ethiopia. The
language is also spoken as a second language ypaas of the country. Significant number of
immigrants in the Middle East, Asia, Western Eura@pel North America also speak Amharic
(Solomon & Menzel, 2007). Amharic language hasous writing system that uses the Ge’ez

alphabet.

Recently, there are numerous electronic documentiuped and stored in Amharic by different
organizations. More specifically, Ethiopian Newsefigy (ENA) produces and stores more than
100,000 news articles (Yohannes, 2007). Most adelsata were destroyed due to damage and
now has more than 16, 000 news articles. The ageasyts own website that it uses to release
news in Amharic and English. Now, the agency udeA%oft software for the management of
news. But the classification task is done manu&iytrently, there are 110 categories available
in ENA. Among these, 12 are major categories anda@8 sub categories. Using manual
classification is challenging for these large numifeclasses. To cope up with the challenges of
manual classification (see section 1.0 above),guamtomatic classification, four researches

have been done by Zelalem (2001), Surafel (2008phavines (2007) and Worku (2009).



Zelalem (2001) tried to design a flat news texssifer using a statistical analysis. The test
result on three categories achieves 90.5% accukbmyever, to improve the performance of the
classifier he recommended further work to inveséigahierarchical text classification approach,

because of the fact that the classification of né®ms is hierarchical in nature.

As a continuation, different researchers attemptideign the flat news classification system

using different machine learning approach, as showablel.1 below.

Name Numbers Major Methods used | Accuracy
of categories achieved
documents| Considered
used
Surafel (2003) 1,024 16 KNN 85.05%
Naive Bayes 78.48%
Yohannes (2007) Not clearly| 15 LMT 79.72%
stated LibSVM 80.15%
Worku (2009) 1,463 13 ANN 68.03%

Tablel.1. Findings of previous researches usirtigResification approach
According to researches (D'Alessio et al., 2000n 8uLim, 2001; Ashwin & Susan, 2000;
Koller & Sahami, 1997) done on English text, as tluenber of classes increase due to huge
collection of documents the accuracy decreaseflat @lassification system. Furthermore, this
can also be strengthened by experiments done omadenNews text by Surafel (2003) and
Yohannes (2007). The experiment is done usingdiassification approach at an increasing
number of categories and documents; which showdlaasification accuracy decreases as the

number of categories and documents increase.



Since hierarchical text classification emphasize ttelationships among classes and deal with
this problem using a divide-and-conquer approaeh decompose the classification task into a
set of simpler problems, one at each node in thgsdlcation tree (Koller & Sahami, 1997; Sun

& Lim, 2001), it can obtain a significant accuragains over the standard flat approach.

Hence, the aim of this research is to explore e af hierarchical structure for classifying a
large, heterogeneous collection of Amharic newsstesuch that rather than building a single
massive classifier, a hierarchy of classifiers Wwél constructed that increase accuracy and speed

of classification.

1.2. Objective of the study

1.2.1.  General Objective

The main objective of this research is to expldre possibility of designing and developing
hierarchical news text classifier that is effectied efficient in classifying a large,

heterogeneous collection of Amharic news text.

1.2.2.  Specific Objectives

The specific objective of this research is to:

» Review literature on the concepts, techniques aals bf hierarchical text classification.

» Select classification technique to build a hierar@hAmharic news text classification system

= Develop a hierarchical Amharic text classifier gsia selected technique so that the
classification is applied on test data set.

= Evaluate the performance of hierarchical based Ammmews text classifiers compared to a
flat classifier.

= Recommend further research areas for future work.



1.3. Methodology

The following methods were employed to achievedib@ve stated objectives.

1.3.1. Literature Review
Extensive study of available literature (books,rj@ls, Internet, research works, etc) have been
reviewed to understand the concepts and approachdext classification in general and
hierarchical text classification in particular. Autatic text classification, basic concepts,
approaches, and techniques; hierarchical text ifilxsalgorithms, basics of Amharic writing
system and development tools and techniques irarba& of text classification were the major
once which have been reviewed extensively in thjzep.

1.3.2. Data source and Data Collection Methods
The data source used for this study was EthiopiewdNAgency (ENA). The Researcher used
ENA as a source for two reasons. Firstly, themeoisarge collection of data available and easily
accessed for research, as to the researcher’s &dgel Secondly, ENA uses manual document
categorization; and the hierarchical nature of #hesting classification system makes it
interesting to undertake the study.
The collected data is then pre-processed and ussdchassified in two training (70%) and test
data (remaining) sets for classification. Taki@§6/of it as training data and the remaining for
test data is recommended by the experimentatiohasamost of classifier done using these

much data has shown good performance, and is tkardefault value by the tool.

1.3.3. Development Tools and Techniques
There are many Machine learning algorithms sucBugport Vector Machine (SVM), Decision
Tree, Naive Bayes and Artificial Neural Network distor hierarchical text classification

(Ranganatan, 2001).



SVM is selected for this study due to its capapibf providing the following benefits as
compared to other algorithms (Joachims, 1998). SVMs
« support high dimensional input space so that itdead with large data sets
« tend to be less prone to over fitting since thened classifier is characterized by the
number of support vectors rather than the dimerdityrof the data
« are capable of providing more accurate results
LIBSVYM ™ elss i selected as a tool for this experiment as dividies the following main
features:
+ Different SVM formulations
 Efficient multi-class classification
+ Cross validation for model selection

« Automatic model selection which can generate candbeross validation accuracy.
« Automatic parameter tuning to select the best patanior training the classifier.

Python 3.0 is used as a programming tool for dat¢@rpcessing as it is a powerful too in text

preprocessing, easy to use and familiarity withrdsearcher.
1.3.4. Experimental Procedure

In this study, the following procedures were folemhto undertake the experiment.

Data preprocessing including data cleaning, nomatbn, stop word removal,
stemming & exception handling, and term weighting.

- Transform (prepare) the data to the format of &8MM package

- Conduct simple scaling on the data

- Systematically try a few kernels & parameters agldct the one which performs best.
- Use the best parameter to train the whole traisgtg

- Test the classifier.



1.4. Scope of the Study

The scope of this study is limited to investigatthg possibility of designing & development of
hierarchical Amharic news text classification systeor ENA using Support Vector Machine
(SVM) algorithm. The study is extended to evalu#ite performance of hierarchical text
classifier against the traditional text classifjgat classifier). Moreover, the data considered in
this study are the keyword, slug, the title andftre three hundred fifty characters of the news

item.

1.5. Significance of the Study

There are many organizations today which use hikreal nature of manual categorization
system such as Yahoo!, etc and special purposectioths such as MEDLINE including ENA.
The out put of this research could be used as paotito the development of a general
hierarchical Amharic news text classifier for ENA.addition to this, it can be used as initiative
for further study in the area of hierarchical bagedharic text classification with a different

approach (such as ANN, DT, Naive Bayes and KNN).

1.6. Application of the Study

Recent advances from IR and Al have made documassification a hot issue. Document
classification may appear in many applications.omatic indexing for Boolean information
retrieval systems, document organization, texterittg, news monitoring, hierarchical
categorization of web pages and word sense disaratiogny (Sebastiani, 2002). The findings of

this study can be further extended to do similaeaeches in the aforementioned domains.

10



1.7. Organization of the Study

The study is organized in to five chapters. Thetfchapter introduces background for text
classification, the statement of the problem argl jitstifications, objective of the study,

methodology, scope and application of the study.

Chapter two describes basic concept and approawfhiext classification, methods and steps
involved in text classification, machine learningaithms used for text classification in general
and hierarchical classification in particular. Sagp/ector Machine (SVM) is also discussed in

greater detail.

Chapter three elaborates the domain of the study,thie Amharic language and its writing
system. It also discussed the origins of the lagguaharacters (alphabets) and the problems

associated to the writing system of the language.

Chapter four discusses the experimentation. It gotssdocument pre-processing, LibSVM

basics, input file preparation, experimentatioradgt results, analysis, and finding of the study.

The last chapter, Chapter Five, contains conclutengarks and recommends further work
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Chapter Two
Automatic Text Classification

2.0. Introduction

With the recent advances in computer technology systems, the process of collecting

information regarding transactions, customers, aitgrs, and other environmental factors has
become progressively easier. However, the emergafribe current digital age has brought both
new opportunities and unprecedented challengesgmzations. One of the major challenges is
managing the overwhelming volume of information,aasesult of the continuous expansion of
the Internet, inventions and advances in inforrmatexchnology (IT). Searching through a large
amount of collections is a challenge and can bgreat loss in the form of productivity waste

(workers spend about 65 percent of their time $wagcfor information needed to complete their
work (Eiring, 2002)); missed opportunities (failute discover patterns and trends); and

mismanaging or lack of managing knowledge (W. Zaghét al. 2009).

The rapid growth in stored and transient data ¢ted great deal of interest in developing useful
and efficient tools and software to assist userfinding relevant information. In this respect,
text categorization has become one of the key tgaka for handling and organizing text data. It
has been proved to be a powerful technique fornaating assignment of documents to
categories, in turn helps to organize and seardhiriéormation on text data sources (Y. Kwok
1999 Leopold & Kindermann, 2002, 1999, Sebastiani, 2082). Automatic classification
schemes can greatly facilitate the process of oataggion (Joachims 1998; Han et al., 1999). In
this chapter the concept of text classificatiompprapches of text classification, machine learning

algorithms to hierarchical text classification drscussed.
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2.1. Text Classification: Definition

The concept of text classification is defined bffedent authors as the task of automatically
assigning a set of documents into categories (assels, or topics) from a predefined set
(Murtagh & Anderson 1999; Giorgino 2004; Klein 20@lumberg and Atre, 2003, Leopold &

Kindermann, 2002, etc). More specifically, text sddéication describes the process of
matching/mapping a document with the best possioecept(s) from a predefined set of

concepts (categories).

In other words, If C= {g, ¢...Cn} is a set of categories (classes) and Dz {4,...,d.} is a set of
documents, the purpose of text classifications@gmingc; to d; (1<i<m and ¥j<n) a value of O
if the documentd, does not belong to;; otherwise a value of 1. The mapping is sometimes

referred to as the decision matrix (Klein, 2004J &ns depicted in table2.1 below.

dl dJ {ln.
€] An a1j dln
Cj dj1 Ejll dip
Cm 311 . a:l_'u e am

Table2.1: Category- to-document matrix

Building a text classifier is a two step proceBsining and classification In the first step,
training, the system is given a set of pre-clasdifilocuments. It uses these to learn the features
that represent each of the concepts. In the cleasdn phase, the classifier uses the knowledge
that it has already gained in the training phasastign a new document to one or more of the
categories. Schutze et.al (1995) has underlinedrdttee of feature selection in document
classification to improve the performance of thasslfication. They have shown improvement

by using latent semantic indexing and optimal tsgtection to reduce the number of features.
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2.2. Approaches of Text Classification

Robert Blumberg and Shaku Atre (2003) identify ttwlowing four approaches in text

classification.

2.2.1. Manual Classification

Manual classification requires individuals to assgpch document to one or more categories.
These individuals are usually domain experts wiealamroughly versed in the category structure
or taxonomy being used. It is often used in librand technical collections as well as in call
centers and form-processing environments. Manwasdication can achieve a high degree of
accuracy-although even domain experts will occadlpndisagree on how to categorize
document. However, manual classification is mobeiantensive and therefore most costly than

automated techniques.

2.2.2. Automated Classification

The second major approach for text classificatoautomated classification. It comprises of the

following three variants (R. Blumberg & S. Atre Z)Witten & Frank 2005, etc).

2.2.2.1. Rule-Based Classification

In this form of classification, keywords and Booaleaxpressions are used to categorize a
document. This is typically used when a few words adequately describe a category. For
example, if a collection of medical papers is todb&ssified according to a disease, then a
medical thesaurus that lists each disease togetlerits scientific, common and alternative

names can be used to define the keywords for estelgary.
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While rule-based approaches are effective for oflyefuning a limited number of categories,
the expense of defining and maintaining categoisegenerally prohibitive for large-scale

classification systems.

2.2.2.2. Supervised Learning

Most approaches to automated text classificatiguire a human subject expert to initiate the
learning process by manually classifying or assigra number of training documents to each
category. This classification system first analyges statistical occurrences of each concept in
the example documents and then constructs a mod#ssifier for each category that is used to
classify documents automatically. The system refims model, in a sense learning the

categories as new documents are processed.

In supervised learning, the classification is saersupervised learning from training examples.
The supervision took place when the data (obsemsitimeasurements, etc) are labeled with pre-
defined classes. It is like a “teacher” gives thasses (supervision) such that the test data are

classified into these classes too.

2.2.2.3. Unsupervised Learning

These systems identify a group, or clusters oftedlalocuments as well as the relationship
between these documents. Commonly referred tbuagering,this approach eliminates the need
for training sets because it does not require &gr&ing category structure. However, clustering
algorithms are not always good at selecting categdhat are intuitive to human users. For this

reason, clustering generally works hand-in-hanth wie supervised learning techniques.
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- * Training using examples
o = Bayesian, SVM, k-KN,
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% = Forms
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High Cost & Control Low

Figure2.1. Text classification approacteetapted from: R. Blumberg & S. Atre 2003)

Figure2.1 shows the cost and control of the clesdibn task always decreases, as the

automation of the classification system moves froranual to unsupervised classification

approach.

As discussed in the above sectiogech of the four approaches is optimal for differgitiation

(R. Blumberg and S. Atre, 2003). They explained tiasingle technique outperforms the others
in all situations since categories vary in how ey or diffusely they can be described.

Therefore, we need to provide different approadies can be used simultaneously and an

appropriate way to combine the results so thatsusam achieve optimum results.
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2.3. Automatic Text Categorization: Basic Concepts

With the explosive growth of the number of electcodocuments (e.g. e-books or Web pages)
for general reference or specific search purpasegjite difficult, if not totally impossible, for
library and information professionals to manualftegorize and index documents. This is the
problem of information overload (Levy, 1999). Ircfait is very time-consuming to classify a
rich mixture of electronic documents solely basedtiee manual methods. To alleviate this
problem some initial ideas for applying automatiocuiment classification methods to
categorization of electronic documents in an expental setting have been explored (Chander,

97; Chung & Noh, 2003).

According to Sebastiani (2002), automatic text sifastion (categorization) is the task of
building soft-ware tools to automatically assigmsolabels (from a set of pre-defined class
labels) to a document based on some selected ésattithat document. Until the late 1980s, the
most popular automatic text categorization methas Wwased on the knowledge engineering
approach, where a set of manually defined ruleppied to classify documents. However, the
main problem of such an approach is the knowledgpiiaition bottle-neck; domain experts
must be available and heavily consulted in desgnire classification rules. In fact, it is very
time-consuming to elicit document classificationowhedge even if domain experts are
abundantly available, which is unlikely in the rembrld. In recent years, machine learning
technigues have been applied to develop automattciassification systems (Joachims, 1997;
Sebastiani, 2002; Koller, 1997; Yang & Liu, 1998he advantage of applying machine learning
approaches to automated document classificatitiraisclassification knowledge can be induced

automatically based on a set of training documents.
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The well-known machine learning algorithms for amétic text classification are the K-Nearest

Neighbors (KNN) algorithm, Support Vector Machir&/M), Decision Tree, Neural Network,

and the Naive Bayes (NB) algorithm. A comparisorthefse algorithms is presented in Yang

&Liu (1999) and Sebastiani (2002). An outline otleanethod is as follows:

K-Nearest Neighbor (KNN): Documents and concepts are represented as vat@ngeictor
space whose dimensions represent the various kdgworthe vocabulary. The categories
for a new document are determined by calculatimgahgle between the document vector
and the category vector to identify the k-nearesgimbors. The weights of the dimensions
are, for text, calculated usirtidf. Tfidf is a statistical measure (weight) used to evaluate
how important a word is to a document in a coltatir corpus.

Naive Bayesian:This approach uses the joint probabilities of woedsoccurring in the
category training set and the document to be diedsio calculate the probability that the
document belongs to each category. The documesisigned to the most probable category
(ies). The naive assumption in this method is tkdependence of all the joint probabilities.
Support Vector Machines: This method represents every document as a vewotbtrigs to
find a boundary that achieves the best separatbnden the groups of vectors. The system
Is trained using positive and negative examplesach category and the boundaries between
the categories are calculated. A new documenttmsgoazed by calculating its vector and
determining the partition of the space to which\teetor belongs.

Decision trees:This kind of classifier builds a decision tree frahe documents in the
training set. Each branch defines a test on soméwt of the document. New documents

are walked down the decision tree until the maglaistegory is found.
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* Neural networks: NN analysis is basically a prediction tool modetedhow human brain
works. NNs are trained to recognize certain pastembehavior when fed with a large data
set and then they can determine predictors of artégmt variable. Thus, NN can be defined
as a distributed processor that can create knowlddged on experience and make that
knowledge available for future use.

2.4. Application of Automatic Classification

Recent advances from Information IR and Al have enikt classification a hot issue. Its use

appears in a wide variety of applications (Sebast2000)

* Email filtering
Systems for filtering a person’s incoming emailsweed out scam or spam or to
categorize them into different classes are just acailable.

e Mail routing
Large enterprises are currently automating theaudwent processing by means of work-
flow management system, allowing an image of theudeent to circulate through the
company rather than the original. In particulagythaim for a uniform treatment of
incoming mail, whether it is electronic or in pagperm. A bottleneck in this approach is
the entering of documents into the right work flolhis process involves a superficial
interpretation of the contents of the document,cwhig time consuming and error prone.

* News monitoring
In knowledge-based companies like the stock exadmngumbers of people are
concerned with the scanning of newspapers and othermation sources for items
which are concerned with the national or intermaloeconomy, or with individual
companies on the stock market. The results are tgerthe person who should be
informed.
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* Narrowcasting
Press agencies strive to give more and more ingiigervice, where each client obtains
out of the large stream of outgoing news items dhlyse that are relevant to him,
according to his profile.

» Content classification
Large information brokers have traditionally used-plassification of documents as an
aid in document disclosure. Documents are manugilen a place within a large
semantical hierarchy, or index terms according tgiven thesaurus. This process is
costly and error prone and changes in the thesarmu$fiard to accommodate. Modern

search machines on the web use an automatic msifatation of web pages.

2.5. Hierarchical Text Classification

2.5.1. Introduction

Nowadays, text classification has become a wideares area in information science that
develops methods for assigning text documents poeadefined set of categories. When the
given categories are defined independently of orsheer, this is known aftat classification.

Whereas, when the structural relationship amonigengcategories are considered, this is known

ashierarchical classification.

Most of the studies in text classification haveused on flat classification (W. Zaghloul et. al.
2009; Yi and BeheshtP008 Martinez 2002 W. Zhang et.al, 2007; Leopold & Kindermann,
2002; Zelalem, 2001, Surafel, 2003; Yohannes, 2@ Worku, 2009). They focus on
categorizing a document into one or more clasdddbaving the structural relationships among

classes; treating each topic as a separate classléssification).
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However, as the available information increases ittability of people to assimilate and
profitably utilize such large amounts of informatibecomes more and more apparent without
recognizing the structural relationship. There tare reasons where this difficulty is evident. In
one case, the most successful paradigm for organithis mass of information making it
comprehensible to people is by categorizing théeiht documents according to their topic

where topics are organized in a hierarchy of ingirepspecificity.

In the other case, hierarchical organization ofutheents have long been used for most real
world organizations and in special purpose coltersiof documents (Koller & Sahami, 1997).
More recently, they have been used in severalriatesearch engines such as Yahoo (Yahoo!

1995) or Infoseek (Infoseek 1995), to categorizedbntents of the World Wide Web.

In addition, limitations to the flat classificati@pproach exists in the fact that, as the Internet
grows, the number of possible categories increases the borderlines between document
classes are blurred. To resolve these issues, rkatld Sahami (1997) suggest the use of
hierarchical structures for the first time in 1997 such a hierarchical structure document types

become more specific as we go down in the hierarchy

[ e ] | el catogory|
| real category
financial | | Info technology |
| databasa | |artifin:aa| mtalliganca| | world wide web |

Figure2.2: A sample category tree (adapted from: &lim, 2001)
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More recently, increasing attention has been ghedmerarchical classificatiorwhere the pre-
defined categories are organized in a tree-likectire. Acategory tree example is shown in
Figure2.2 above. In a category tree, there arenpateld relationships between categories.
These parent-child relationships msiyggeststrong or weak subsumption constraibetween
categories. A parerdand child category pair with strong subsumptionst@int suggests all
documentselonging to the child also belong to the paren¢ @tudy focuses on this as it fits
with our data). Weak subsumption, the other hand, allows a child category to haveudwmnts
not belonging to itgarent category. By organizing a large number dégaies in a tree,
hierarchicalclassification allows us to address a large clesgibn problem using divide-and-
conquer approach, also known as the top-down appr&un & Lim, 2001). Athe root level, a
text document can be first classified into one orerchildcategories. The document can then be
further classified at each child categtoydetermine if it belongs to categories at thet h@wer
level. The classificatiostep can be repeated until the document cannairbieef classified into
any lower-level categories. In flat classificatgiven document iassigned to a category based
on the outcome of one or one set of classifierseredis theassignment of document to the
category can be the outcome of multiple sdtglassifiers in hierarchical classification. Thes
classifiers are associateddiferent levels of the category tree to filter gndocuments that do

not belongo the lower level categories.

Hierarchical classifications might have taken digf@ categorical structures (Sun et.al. 2003).
Hence, category structures for hierarchical clasgibn can be classified into four as explained
in the following points:
a) Virtual category tre: In this category structure, categories are organas a tree. Each
category can belong to at most one parent categmtydocuments can be assigned to leaf

categories only.
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b) Category tre: This is an extension of virtual category treat thllows documents to be
assigned into both internal categories and leafgmates.

c) Virtual directed acyclic category grép In this category structure, categories are drgah
as a Directed Acyclic Graph (DAG). DAG is a grapiusture where one node can reach
another by following a path of edges along the dfiioe of arrows. It is a graph with
directed edges and no cycles. Similar to a virtzegory tree, documents can only be
assigned to leaf categories. This paper employgsdinucture as it matches with the data
collected for the study.

d) Directed acyclic category grdp This is perhaps the most commonly-used strudtutee
popular web directory services such as Yahoo! [\lamd Open Directory Project [ODP].

Documents can be assigned to both internal anctéagories.

2.5.2. Hierarchical Text Classification Methods

There are two basic approaches to hierarchicasifieetion, namelybig-bangapproach and the
top-down level-base@pproach (Sun et.al, 2003). In the big-bang amroanly a single
classifier is used in the classification processe a document, the classifier assigns it to one
or more categories where a document is most apptefdy traversing the category tree from
the root to the leaf node in one single step. Tésmgaed categories can be internal or leaf

categories depending on the category structureostggpby the methods.

Whereas in top-down level-based approach, the ifi®n is accomplished with the

cooperation of classifiers built at each levellw tree. The test document starts at the rooteof th
tree and is compared to categories at the firstlleVhe document is assigned to the best
matching first level category and is then comparedll sub-categories of that category. This

process continues until the document reaches aoleah internal category below which the

23



document cannot be further classified. One of tdaus problems with top-down approach is
that a misclassification at a parent class mayef@acocument to be misrouted before it can be

classified into child class (Wang, 2001).

Compared to the top-down level-based approach,btgedbang approach can only use the
information carried by the category structure dgrihe training phase but not the classification
phase. As discriminative features (e.g. terms) par@nt category may not be discriminative at
child categories (because of the above definedonsys it is usually very difficult for a

classification method using big-bang approach tplak different sets of features at different

category levels.

In this paper a top-down approach will be adogted helps to construct a better classification
system since it utilizes the different feature€lases at different category levels during both in
training and classification phase. Moreover, tobacepts of the approach fits with the data

collected for this study.

2.5.3.  Single Label Versus Multi Label Classification

Depending on the application, different constrami@y be enforced on the text classification
task. For instance, we might need that, for a giméeger k, exactlk (or <k, or >k) elements of
category,C be assigned to each documeah€D, where D is a document collection. The case in
which exactly one category must be assigned to d&ih is often called theingle-label(also
known asnon- overlapping categorieggase, while the case in which any number of categor
from O to |C| may be assigned to the sam&€D refers to themulti-label (also known as
overlapping categor® case. For instance, in hierarchical settingy@ithent can take the class

labels from the root to the leaf along a categoeg.t
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A special case of single-label TChgary TC, in which eacld,€D must be assigned either to

category Gor to its complement;C

In a top-down level-based approach hierarchical¢kzssification, a single document could only
take at most one of the top level classes but ciakiel two or more class labels as it routes from

the root level down to the last level class in¢hgegory tree.

In spite of the fact that the above statement kenianto consideration, this research employs

multi label classification.

2.5.4. Single-Parent Vs Multi-Parent Hierarchical Text
Classification

In the real world application of hierarchical tetassification, a child class might have one or
more parent class (es) depending on the relatipnshiconcepts. When a class has a single
parent class in a hierarchy, it is referred toiagls-parent class. Whereas, a child class has one
or more parent classes (as shown in the figure®.3gferred to as multi-parent class. In a

hierarchy, child classes may have single-parentuti-parent.

Agriculture Foreign
Exchange

) (=)

Figure2.3. an Example of multi parent class

Whatever is the type of relationship in the catggoee, the selected top-down based text
classification approach is independent of thesescdecause the top down approach starts from

the root, selects the best category and then #tartes of child classes of the selected category is
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compared at next level of the category tree amdrtinues in the same fashion (Wang 2001).
Furthermore, the top-down approach leaves out tioblgm of single label or multi label

problems described in section (2.5.4) with regardrtly the upper top most class labels.

2.6. Text Classification Steps

The aim of text classification (whether flat or f@iechical) is to approximate an unknown target
function through construction of a classifier ogigen training data set (learning). Afterward,
new, unseen documents are assigned to classes tisingapproximation functionf

(classification).
The classification taskearning andclassificationcan be divided into the following two steps:

1. Preprocessing/Indexing is the mapping of document contents intlmgical view(e.g. a
vector representation of documents) which can leel oy a classification algorithm. Text
operations and statistical operations are usesgttact important content from a document.

2. Learning/Classification: based on the logical view of the document learnior
classification takes place. It is important that fbassification and learning the same

preprocessing/indexing methods are used.

Document D Logical View V Classification CD
O———» Preprocessing Classification >

O

Hierarchy H A
0

Figure 2.4: Document classification as a two steEess: Preprocessing and classification.
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2.6.1. Preprocessing-Document Indexing

As stated before, preprocessing is the step of mggpetextual contenbf a document into a
logical view which can be processed by classification algorithdsgeneral approach in
obtaining the logicaliew is to extract meaningful uni(eexical semantig) of a text and rules for
the combination of thesanits (lexical compositin) with respect to language. The lexical
composition is actually based tinguistic and morphological analysis and is a eatbomplex
approach for preprocessing. Therefdhe, problem of lexical composition is usually dgaeded

in text classification.

Document processing (indexing) involves the maitivdies of text classification task such as
term extraction, term weighting and dimensionalé@giuction. Figure2.5 shows the steps used for

document preprocessing and their dependencies.

Document Indexing

Term Extraction R Term .| Dimensionality
A " Weighting Reduction

v

Lexical Analysis
(Normalization)

A 4

Structural analysis

Stobword removal

A 4

Stemming

Noun groupns J

Figure 2.5: Components of document preprocessirth iadexing (adapted from: Grantizer,

2000)
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The logical view of a document;@an be obtained by extracting all meaningful uiésms)
from all documents D and assigning weights to etim in a document reflecting the
importance of a term within the document. More fallyy each document is assigned an n-
dimensional vectod)=<wi, W, Ws,...,w>, whereby each dimension represents a term from a
term sefT. The resultingr-dimensionakpaceis often referred to aerm Spacef a document
corpus. Each document is a point within this Tenpac®. So preprocessing can be viewed as

transforming character sequences intam-@mensional vector space.

Obtaining the vector representation is callEtument Indexingnd involves two major steps:

1. Term Extractio: Techniques for defining meaningful terms of a&uwwent corpus
(e.g. lexical analysis, stemming, word grouping)etc

2. Term Weighting: Techniques for defining the importance of a ternthimi a
document (e.g. Term FrequencyH), Document FrequencyDf), Term Frequency

Inverse Document FrequencyRIDF))

2.6.1.1. Term Extraction

Term extraction, often referred to as feature etiwa, is the process of breaking down the text
of a document into smaller parts or terms. Termaexion results in a set of termswhich are

used for the weighting and dimensionality reducsteps of preprocessing.

In general the first step islexical analysisvhere non-letter characters like sentence punciuati
and styling information (e.g. HTML Tags) are remové&his reduces the document to a list of

words separated by white space.

Beneath the lexical analysis of a document, infdilmnaabout the document structure like

sections, subsections, paragraphs etc. can betaskedprove the classification performance,
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especially for long documents. Incorporating suual information of documents has been done
in various studies (K. Summers, 1995; Hearts & mad993). Doing adocument structure
analysis may lead to a more complex representation of dootsnenake the term space
definition hard to accomplish. Most experimentghis area have shown that performance over

larger documents can be increased by extractingtsties and subtopics from documents.

Stop wordsare topic neutral words such as articles or priéipas contain no valuable or critical
information. These words can be safely removedhéf language of a document is known.

Removing stop words reduces the dimensionalitghtspace.

One problem in considering single words as termthéssemantic ambiguity (e.g. river bank,
financial bank) which can be roughly categorized in

- Synonymsis a word which means the same as another wagdN®vie & Film).

- Homonymrefers to a word which can have two or more megsi(e.qg. lie).
Since only the context of the word within a sengenc document can dissolve this ambiguity,
sophisticated methods like morphological and lisgai analysis are needed to diminish this
problem. In (Leopold & Kindermann 2002) morpholadicnethods are compared to traditional
indexing and weighting techniques. It was stateat thorphological methods slightly increase

classification accuracy for the cost of higher catagional preprocessing.

Beside synonymous and homonymous words, differgmtstical forms may describe the same
word (e.g. go, went, walk, and walking). Methods é&xtracting the syntactical meaning of a
word aresuffix strippingor stemmingalgorithms. Stemming is the notation for reducinyas to
their word stems. Most words in majority of Westéanguages can be “stemmed” by deleting
(stripping) language dependent suffixes from the rdwo (e.g. CONNECTED,

CONNECTING>CONNECT). The performance of stripping and stemming atpars depends
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strongly on the simplicity of the used languaget Eaglish a lot of stripping and stemming
algorithms exist, the Porters Algorithm being thesipopular one. Affix (prefix or suffix)
removal is another form of stemming algorithm eggBcfor languages which morphologically

extensive (Leopold & Kindermann, 2002).

Taking noun groug, which consist of more than one word as termmse® capture more
information. In a number of experiments single woedns were replaced by word grams or
phrases. However, some studies have shown thanht{@¥g 2000; Martinez, 2002; Joachims,

1998) this did not give a significantly better merhance. Thus, it is not considered in the study.

2.6.1.2. Term Weighting

After extracting the term space from a docunwarpus the influence of each term within a
document has to be determined. Therefore eachttevithin a document is assigned a weight
leading to the vector representati@r<wi, W, Ws, ..., W> of a document. The simplest
approach is to assign binary values as weightcatidig the presence or absence of a term. A
more general approach for weighting is counting dbheurrences of terms within a document

normalized by the amount of words within a docum#re so callederm frequency.

occ(tk,Di)

freq(tk,Di) = TN e (2.2)

Where, N is the number of terms ind@&hd ocdk, Di)is the number of occurrences of tetknn

Di.

The term frequency approach seems to be veryiwauibut has a major drawback. For example
function words occur often within a document aneytihhave a high frequency, but since these
words occur in nearly all documents they carry n@ormation about the semantics of a
document. These circumstances correspond to tHe&kmeehn Zipf-law (1932) which states, that

the frequency of terms in texts is extremely une\@me terms occur very often, whereas as a
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rule of thumb, half of the terms occur only oncémifar to term frequencies, logarithmic
frequencies as

freqlog(tk,Di) = log (1 + freq(tk, Di))...ccoeiriiiiiiiiiiiiiiis e, (2.2)
may be taken, which is a more common measure imtative linguistics (Leopold &
Kindermann, 2002). Again, logarithmic frequencyfets from the drawback that function words
may occur very often in the text. To overcome thimwback, weighting schemes are applied for
transforming these frequencies into more meaningfits. One standard approach is itiheerse
document frequency (idfyeighting function which has been introduced bylt(®a& Buckley

1988)

«log—P
9 |{Di € D|tk € Di|

wk,i = freq(tk, Di)
and is know aslerm Frequency Inverse Document Freque(iElyIDF) weighting scheme.
TFIDF weighting is the standard weighting scheméhiwitext classification and information
retrieval (Frakes & Baeza-Yates, 2002). Therirby(tk, Di) cenotes the ternfrequency of term

tk within documenDi. D denotes the set of available documents d@id D |tk e Di} denotes

the set of documents containing tetkm
In other words a term is relevant for a documeirtt if

0] occurs frequently within a document and
(i) discriminates between documents by occurring anlyew of the documents
For reducing the effects of large differences betwiequencies of terms, a logarithmic can be

applied to the term frequency leading to

wk,i = freqlog(tk,i) * logL ......................................... (2.4)

|{Di € D|tk € Di|
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2.6.1.3. Dimensionality Reduction

Document indexing by using the above methods leadshigh dimensional term space whereby
only a few terms contain important information tbe classification task. The dimensionality
depends on the number of documents in a corpuseXample the 20,000 documents of the

Reuters 21578 data set (Grantizer 2003) have 45000 different terms.

Dimensionality reduction is done for the followitwo reasons:

1. Computational Complexityhigher computational costs for classification aralning.
The learning time of more sophisticated classificaalgorithms increases with growing
dimensionality and the volume of document corpora.

2. Over fitting Over fitting occurs when algorithms classify atamples of the training
corpus rather perfect, but fail to approximate wih&nown target concept. This leads to
poor effectiveness on new, unseen documents. Massifiers (except Support Vector
Machines (T. Joachims, 1998) tend to overfit inhhitimensional space, due to the lack

of training examples.

To deal with these problems, the following commechhiques are suggested (Grantizer, 2003):
I.  Dimensionality reduction is performed by keepindydarms with valuable information.
Thus, the problem of identifying irrelevant termashto be solved for obtaining a
reduced term space using techniques like termtsmbe@nd term extraction.

ii. Increasing the amount of training examples.
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I. Dimensionality Reduction by Term Selection
A simple dimensionality reduction function is basad the document frequency of a tetyn
According to the Zipf-law, the highest and lowestguencies are discarded. In this case,
predetermined threshold is used to remove wordslwhave document frequency less than or

greater than the threshold value.

More technically, we apply dimensionality reducttonreduce the size of |T| to' |T!|T|, where

|T| is the original term space and||iE the reduced term space. This process can sjpedt
categorization; increase the performance of thesdiar with a few percent and time efficiency
is more significant. In general, we reduced |Tdlsyegarding terms that either occurs less than
MiNoccurrencetiMeS in the entire train document set, or occurenadten than a certain threshold in
the training set, i.e. i /|Drrainl = |[MaXreq. By the former process we disregard words theihat
significant in the classification, while by the datprocess we ignore words that are not
discriminative enough between categories. The &pwalues are miRcurence€ |1...10| and

MaXreq€ [0.05.... .1.0| (Wibovo 2002).

ii. Dimensionality Reduction by Term Extraction
Term extraction methods create a new term spaceby generating new synthetic terms from
the original set T. Term extraction methods tryperform a dimensionality reduction by
replacing words with their concept. The most commuethod used in various experiments, is
Term ClusteringGrouping together terms with a high degree of pase semantic relatedness,
so that these groups are represented in the TeaoeSpstead of their single terms. Thus, a
similarity measure between words must be definadl dastering techniques like k-means or

agglomerative clustering is applied (Dhillon et2002).
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2.7. Machine Learning Approach to Hierarchical Text Classification

2.7.1. Introduction
Machine learning is a scientific discipline thac@ncerned with the design and development of
algorithms that allow computers to evolve behavimased on empirical data such as databases
(Witten & Frank, 2005). Machine learning developesmputational methods that would
implement various forms of learning, in particulaechanisms capable of inducing knowledge
from examples or data (Mitchell997). A major focus of machine learning researchoi

automaticallylearn to recognize complex patterns and make igégit decisions based on data.

Machine learning has a wide variety of applicatsuth as computer vision , search engines,
medical diagnosis, bioinformatics, detecting creditd fraud, stock market analysis, classifying

DNA sequences, speech and handwriting recognigitm,

Text classification is one of the first applicatoof machine learning that applies to the general
problem of supervised inductive learnindd machine learning algorithm learns the
characteristics of the training instances and @suthis knowledge to categorize new instances
There are different machine learning algorithms fext classification that help us to
automatically categorize texts through learning strecture of the problem domain.. Some of
common machine learning algorithms used for autmneategorization that support hierarchical
text categorization are explained in section 2hisBection tries to explain the selected machine

learning algorithm and the reasons behind.

A growing number of statistical classification medls have been applied to text categorization,
such as Naive Bayesian, Bayesian Network, Decisier, Neural network, Linear Regression,

K-Nearest Neighbor, and Boosting. However, most hirec learning methods overfit the
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training data when many features (high dimensioctors) are given. Therefore, we need to
select features carefully. Support Vector Machi8¥Nl) is robust even when the number of
features is large. In this regard, most researchdgkate that SVM’'s have shown good

performance for text categorization (Joachim, 1¥hastiani, 2002; Vapnik 1992).

The following are good reasons that show SVMs waell for text categorization (Joachims,

1998).

= High dimensional input space When learning text classifiers, one has to de#h wery
many (more than 10000) features using SVM. Bec&MB measure the complexity of
hypotheses based on the margin with which theyragpahe data, not the number of
features. Hence, SVM is independent of the dimemwdity of the feature space,
dimensionality reduction techniques are not usddisstudy.

= Few relevant features One way to avoid these high dimensional inputepas to assume
that most of the features are irrelevant. Featalection tries to determine these irrelevant
features.

= Document vectors are sparseFor each document, the corresponding documertbrvec
contains only few entries which are not zero

= Most text categorization problems are linearly sepable: Most data such as all Ohsumed
categories, Reuters, etc, are linearly separaltie.idea of SVMs is to find such linear or

(polynomial, Radial Basis Function) separators.

These arguments give theoretical evidence that Sstsild perform well for text categorization

and is selected for this study.
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2.7.2.  Support Vector Machine (SVM)

SVM is a method for supervised learning, applicatdeboth classification and regression
problems. SVM classifiers creates a maximum mangperplane that lies in a transformed input
space and splits the example classes, while maxignthe distance to the nearest cleanly split

examples (P. Erasto, 2001).

SVM uses a nonlinear mapping to transform the palgiraining data into a higher dimension.
Within this new dimension, it searches for the dineptimal separating hyperplane (a decision
boundary separating the instances of one class &mother). Data from two classes can always
be separated by a hyperplane, with an appropriatginear mapping to a sufficiently high
dimension. The SVM finds this hyperplane using egakinstances from the training set called

support vectors(Han & Kamber, 2006).

Vladimir Vapnik (1992) and colleagues presentedfittse paper on support vector machines in
1992. Although the training time for SVMs can bado(since it is computationally expensive
and requires extensive memory space), they ardyhagicurate, owing to their ability to model
complex nonlinear decision boundaries. Their useugport vectors for identifying decision
boundaries makes them much less prone to ovegfittian the other methods. Moreover, since
they usually are subsets of the training, the stippertors provide a compact description of the

learned model.

SVMs can be used for prediction as well as classgibn. They have been applied for

handwritten digit recognition, object recogniti@md speaker identification.

The following two classification problems providesight on how SVM works: the case when

the data are linearly separable and otherwise.
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2.7.2.1. Linearly Separable Data

Considering the simplest case of a two-class probitere the classes are linearly separable,
Let the dataset D be given as,
(X1,Y1) , (X2,Y2),..., , (Xai, Yia), where Xis the set of training instances with associatadsc

labels, Yi.

Each Y can take one of two values either +1 or —1, cpoerding to the two classes: class-1 and
class-2 respectively.
ie. Y, € {+1,-1}.

Consider an example based on two inputs attribAtesnd AZas shown in Figure2.6.

Ao
O Class-1, y=+1
i | ® (Class-2, v = —1
o o
e o 0o o
B : T~ o o
- P ; B
- N
- ;
- -
Aq

Figure2.6. linearly separable data
From the figure2.6, it can be seen that the 2-[& da¢ linearly separable because a straight line
can be drawn to separate all instances of clagsth &ll instances of class-2. There are an
infinite number of separating lines that could bawh. The problem is to find the best line that
will have the minimum classification error on prewsly unseen instances. Note that for data
with three attributes (3-D data) the problem wolld finding the best separatingane.
Therefore, in general for n-dimensions the problemnld be to find the bes$typerplane.

A SVM approaches this problem by searching fomtiaimum marginal hyperplane.
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Consider Figure2.7, which shows two possible sepayahyperplanes and their associated

margins.

0 Class-1, y=+1 0 Class-1, y=+1

- ¢ (lass2, y=~-1 e ¢ (Class-2, y=-1

Lir\_qe maragl

' P 0
0 00 .
i w oo

0 "\ "
i 0

Figure2.7. Two possible hyper planes and their@sted margins for the same training data

Figure2.7 reveals that both hyperplanes can cdyretdssify all the given data instances. The
hyperplane with the large margin is however exgktbebe more accurate at classifying future
data instances than the hyperplane with the smalkngin. This is why, during the learning
phase, the SVM searches for a hyperplane with dhgest margin - the maximum marginal

hyperplane (MMH).

A separating hyperplane can be written as

WhereW s a weight vector, namelW = {wy, W,, Ws... Wy} wheren is number ofttributes, and

b is a scalar referred as a bias.

Consider two input attributes,;Aand A, as in Figure2.7. The training instances are 2@,

X=(x1,%) wherex; and x% are thevalues of attributes ,fAand A respectively, foiX.
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Taking b as an additional weighty , the separating hyperplane in Equation (2.11) loan

rewritten as

The weights can be adjusted so that the hyperpldef@sing the two sides of the margin can be
written as

Hi= Wy +W1Xg WX >+1 for Yi=+1..ooviiii e, (2.15)

bE Wo WXy FWoXo < -1 for Yi=-1...ooooiviiiiii e (2.16)
This means any instance that falls on or akdvdelongs to class-1 and any instance that falls
on or below Hbelongs to class-2
Combining Equation (2.15) and Equation (2.16) care \write

Yi(wwWiXs tWoXo) 1, Dl (2.17)
Any training instances that fall on hyperplartésor H, satisfy equation (2.17) and are called
support vectors. They are equally close to the separating MMH(Eld&amber, 2006).
Using a Lagrangidrformulation and solving for the solution, Equati@17) can be rewritten as
a constrained convex quadratic optimization problem
Solving the constrained convex quadratic problemeguired to find the support vectors and
MMH and thus train the support vector machine. Swamed SVM, are calletinear SVMs,
since the MMH is a linear class. Thus the MMH canaitten as a decision boundary, based on

the Lagrangian formulation

! In mathematical optimization, the method.afyrange multipliers (named after Joseph Louis Lagrange) provides
a strategy for finding the maxima and minima ofiaction subject to constraints.
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dix"y= Zyj.aj.xr.xr + bo
i=1

Where w», is the class label of support vector x,

x" is test instance

A, are numeric parameters determined automatically by

the SWVM algorithm

e, are Lagrangian multipliers and

¢ is the mumber of support vectors.

Using the test instances' % equation (2.18) is how classification is doneWMs. If the sign
of the result is positive, then'falls on or above the MMH, and SVM predicts thdt¥élongs to
class-1. If the sign is negative, thehfXlls on or below the MMH and the prediction is fdass-

2 (Han & Kamber, 2006).

The compact prediction model of SVM comes from fhet that the learned classifier is
characterized by the number of support vectoreratian the dimensionality of the data. Hence
SVMs tend to be less prone to over fitting than sasther methods. An SVM with a small

number of support vectors can have good genenalizaven for a high dimensional data.

2.7.2.2. Linearly Inseparable Data

When the data classes are not linearly separakleapiproach used for linear SVM can be
extended to creataonlinear SVMs for the classification of linearly inseparaldata. Such
SVMs are capable of finding nonlinear decision ltarmres (i.e. non linear hypersurfaces) in

input space.
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Figure2.8. Non-separable data set
Nonlinear SVM extends the approach for linear S\Whg two main steps

a) Transforming the original input data into highemeénsional space using a nonlinear
mapping and then
b) Searching for a linear separating hyperplane inndae space. Thus getting a quadratic

optimization problem that can be solved using thedr SVM formulation

To solve linearly inseparable problems like the shewn in Figure2.8. SVM allows some
flexibility in separating the categories. SVM malélave a cost parameté€, that controls the
tradeoff between allowing training errors and foccrigid margins. It createssaft marginthat
permits some misclassifications. Increasing theievaf C increases the cost of misclassifying

points and forces the creation of a more accuratehthat may not generalize well.

The maximal marginal hyperplane found in the neacspcorresponds to a nonlinear separating

hyper surface in the original space.
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Considering the following example of transformataan input data into a higher dimensional

space, a 3-D input vector is mapped to a 6-D space

D (X)=x, D (X)=x,. D (X)=x,. D(X)=(x)".
D (X)=xx,, P (Y)=xx;

The decision hyperplane in the new space is lieear given asl(Z)=WZ + b, WhereZ are

vectors

Solving the above equation involves choosing a ineal mapping to a higher dimensional
space and a subsequent costly calculation for kssification of test instanX' (refer to

Equation 2.18). However there is a way of avoidioth.

When searching for linear SVM in the new higher @nsional space, the training instances
appear only in the form of dot products (Han & Kan2006),
D(Xi). ©(X]),

where ®(X) is the nonlinear mapping function applied to transf the training instances.

Moreover, applying &ernel function K(X X) is found to be equivalent to computing the dot
product on the transformed data instances, i.e.

KOOG)Z DK DK v e, (2.19)
Equation (2.19) shows how both nonlinear mappird) @dculation on transformed data can be
avoided. Afterwards the maximal separating hyp@&gplaan be found in a process similar to
linear SVM, though the non-linear SVM involves piax a user-specified upper bour@, on

the Lagrange multipliers; . This upper bound is best determined experimsntall

Some of the kernel functions that can be usedgiace the dot product (See Equation 2.19) are

discussed in the next section.
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2.7.3. Basic SVM Kernels

SVM is largely characterized by the choice of igsriel, and SVMs thus link the problems they
are designed for with a large body of existing work kernel-based methods. Now the main
forms of the kernel function are (Wei-Feng Cao, 20iher kernel function, polynomial kernel
function, radial basis function and sigmoid funatio

i Linear Kernel

Linear kernel transforms a high dimensional probleto a linear separable problem. This
method makes the samples small and linear sepasablkat the classifier based on linear kernel
has the highest accuracy, as well as the training is relatively short. Furthermore the linear

kernel is easy to perform. Linear kernel is given a

. Polynomial Kernel
When the training set is small, there are many dppdies for polynomial kernel to converge in

condition of both high dimension and low dimensiblowever, the opportunities to converge for
polynomial kernel are much fewer than RBF and Signkernel when the sample is large. It is

given by the following function.
k(XX )= (XX +1)
where h is the degree of the polynomial

ii. Radical Basic Function (RBF)
For all kinds of samples, both high dimension aa@ kdimension, moreover, both large

sample and small sample, there are many opporsnitr RBF to converge with a wide

convergent area. It is given as:

k(XX )= TP
Pr

whered? is a tuning parameter
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Iv. Sigmoid Function
When the feature space is low dimension, both laegeple and small sample, the chances of
sigmoid kernel to converge are good. Otherwiserettere few chances to converge in

condition of high dimension. Sigmoid function ign by:

K(X,,X,)=tanh (kX,.X - 6)

wherek andé are the parameters.

Since the use of kernels is characterized by theuatrof training data taken, the dimensionality
of the feature space and the duration of the gitime, we used systematic selection of the

kernels during our experiment.

2.7.4. SVM Multiclass Classification Methods

One of the disadvantages of the SVM is that, irortginal formulation, it is targeted as binary
(i.e. two-class) classification problems only. \éais approaches have been considered for
extending the SVM into the domain of multi-classlgems, often at a considerable additional
cost of the training. For example, Weston & Watki®8) proposed an extension of the original
optimization problem in whiclik models are sought simultaneously, whikeris the number of

classes. This approach does not scale well to gmabivith many classes.

Most of the other approaches are based on tramgldte original k-class classification problem

into several two-class problems. These approacteessaually not SVM-specific but could use

any learning algorithm to train the models for theividual problems. When classifying a new

instance, it is shown to the models for these tlassc problems and the predictions of these
models are then combined into an assignment ofinsi@ance to one of thk classes of the

original multi-class problem.
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The individual two-class problems can be definetivio approaches (Weston & Watkins, 1999).
These are;

“One Vs rest” approach: anapproach in which there is one two-class problemeézh of the

k classes of the original problem; in the two-classbfem corresponding to class i, instances
from clasg are treated as positive and those from other dem®etreated as negative. Thus each
model tries to predict whether a given instancetgs to that particular class or not.

More specifically, “one vs. rest” approach constsukc classifiers. Theth classifier output
functionf is trained taking the examples from classs positive and the examples from all other
classes as negative. For new exampldhis strategy assigns it to the class with largdses of

f.

“One Vs one” approach: An alternative is the “one vs. one” approach, inchhthere is one
two-class problem for each pair of classes. Thusfpair of classeg, ), where 1<i <j <k, the
corresponding binary classifi€; is trained taking the examples from class positive, those of
classj as negative, and the rest of the training instaifjegamples) is not used at all for this
particular two-class problem. Thus it constructk-X)/2 classifiers for each distinct pair of
classes. For a new examplgf classifierC; saysx is in clasg, then the vote for classwill be
increased by one. Otherwise the vote for cjasdl be increased by one. After each of the k(k-
1)/2 binary classifiers makes its vote, this methsdigns< to the class with the largest number
of votes.

The individual problems in one vs one approactsampler than in the one-vs-rest approach, but
the number of models is much largerkk-(1)/2 rather than just k. For a large number atsks,
this approach is infeasible (since it takes timd amemory space). This study employs one vs.

one method as it is supported by the experimematiol used in this study (LibSVM).
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2.7.5. Training Vs Test Sets

The supervised machine learning approach relieshenavailability of an initial corpus of
documents pre-classified under categories. Thezefmior to classifier construction the initial
corpus is split in two (training set and test satt necessarily of equal size. Most researchers
use 20% (Han and Kamber, 2006), 30% (Koller & Sahd®97) or 33 % (Joachims, n.d) of

data as test set and the remaining for traininge@svely.

The training set is inductively built by observitige characteristics of the documents. In most
research settings, once a classifier has beenitisiltlesirable to evaluate its effectiveness.hEac
document from the test set is fed to the classifiad the classifier decisions are compared with
the expert decisions. The documents in test setatgparticipate in any way in the inductive
construction of the classifiers; otherwise, the esipental results obtained would likely be

unrealistically good, and the evaluation is congdenot scientific (Sebastiani, 2002).

2.7.6. Performance Measures

A measure of classification effectiveness is basetiow often the classifier decisions match the
expert decisions. This, usually, is measured imseof the classical IR notions of precision and
recall, adapted to the case of TC (Sebastiani, 20R2call (R) is the percentage of the

documents for a given category that are classd@dectly. Precision (P) is the percentage of the
predicted documents for a given category that Essified correctly. These can be formalized
as

R = NCP/NC, and

P = NCP/NP respectively, where NC is the numbeesting documents for a given category c;

NP is the number of documents that are predictezhtegjory ¢ by the classifier; and NCP is the

number of documents that are classified correctly.
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Classification accuracy is also the other methotheasure of performance representectioy
wheren is the total number of test instances anid the number of test instances correctly
classified by the system (Sebastiani, 2002). Aaguria the rate of correct predictions made by

the model over a data set. This method is usedagation measure in this study.

47



Chapter Three

The Amharic Language and Its Writing System

3.0. Introduction

The recent development of technologies supportadyce, store and disseminate information
using different language such as English, Frenchynf@an, Arabic, Chinese, etc. Most
organizations store the information in differentywahat they can later retrieve. Document
categorization is one of the techniques which maistthese organizations are using for
classifying the huge collection of information intategories based on the similarity or

‘likeliness’ of the documents.

Ambharic is one of the languages through which imf@tion can be produced and disseminated in
Ethiopia. Ethiopian News Agency (ENA) is an orgatian that text categorization is
implemented in Amharic news items. Though, it isnoe, it experiences the use of news
classification system to store news into categaiesh as ‘economy’, ‘politics’, ‘sport’, etc and

later retrieve it.

This chapter discusses origins of Amharic script, Amharic alphabets/characters, numerals and
punctuation marks being used; Amharic represemstand Amharic writing system problems

with the context of building automatic Amharic texassification system.

3.1. Origin of Amharic Language and Its Script

The Ethiopic writing system has its origins in theme ancestral writing systems as those of
European alphabets, namely the Semitic scripts ghaiferated in the Middle East more than
three thousand years ago (Coulmas 1989). As ton@amul(1989), little is known about the

precise timing and location of the emergence ofdhdiest Semitic phonetic writing system
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though speculations abound. All that seems rea$pnadtain is that a consonantal script
developed among Semitic people on the Eastern siidree Mediterranean sometime between
1800-1300 BC. Coulmas (1989) developed a famide tmodel of the writing systems that
shows two main branches descending from Proto-V8eshitic: North Semitic and South

Semitic. Among the descendants in the North Serbranch are Hebrew, Arabic and Greek (and
hence Roman and Cyrillic). The South Semitic sgdesually held to have produced Ethiopic via
the Sabean system, which is speculatively dateshesging in the 11th and 10th centuries BC,
but there are dissenting voices. Bernal (1990gct&jg the family tree model, dates the origins
of Ethiopic script earlier, relating it to Thamudan older script. The *?’ (Question mark) in the
family tree model shows controversies between Casliand Bernal as to origins of Ethiopic

script via Sabean or Thamudic.

The Ethiopic system is used on a large scale imgpeesentation of three Semitic languages, all
confined to Ethiopia and Eritrea (the latter beifogmerly part of Ethiopia but now an
independent state). These three languages are, @Be¥aaric and Tigrinya. Figure3.1 shows the

origins of the language Ethiopic as indicated inl@as, 1989

Profo-Wesi Samitic

ﬁ\

Marth Samitic South Semitic
Arabic Tharmudic Sabean
Cyrillic | |
Hibrenw
atc, atc Ethiopic

Figure3.1ORIGINS OF ETHIOPICa family tree model (adapted from: Coulmas, 1989)
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Another hypothesis which supports Coulmas (198@jven by Bender et al., (1976); this script
had developed from the script of Ethiopia's cladsianguage, Ge'ez, which was derived from

the Sabean script.

Ambharic is written with a version of the Ge'ez ptrknown asé.&A (Fidel). There is no
standard way to translate Amharic into the Latphabet. Amharic is named after the district of
Ambhara, which is thought to be the historic cemtr¢he language (Omniglot, 1998). There are
other languages which are a member of a familyeshiSc languages like Arabic and Hebrew.
The writing system difference of Amharic from thdaeguages is that it is written from left to

right.

3.2. Ambharic Characters/Alphabets

A character or a symbol, Fidef.&A) in Amharic, is used to represent a phoneme, wisich
combination of a vowel and a consonant (Tewodro832 The Amharic writing system consists
of a core of thirty three characters each of whicbur in one basic form and in six other forms
called orders. The seven orders (tiebasic form and rest six orders) of the Amharidpscr
represent the different sounds of a consonant-veaeibination known as syllabic. As Worku
(2009) discussed, since each character designatemsonant together with its vowel, the
vocalic symbol cannot be detached from the condoelmment. Thus, Amharic does not use
independent symbols for vowels (Bender et.al., 19B@&nder et.al added that the non-basic
forms are derived from the basic forms by moreessIregular modifications except the last two

orders.

Table3.1 shows a sample of a list of Amharic chiaraqFidel) showing the seven orders of the

alphabet. The whole character set is listed in agipé.
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151 211-.1 3""‘1 4(I'| 5:I'| 6I:I'| ?l:h

] - kA ¥ A 1] w
hi hu hi ha he h ho
41 - M, | M. N i
14 I 11 la le 1 lo
on e, gy o gy oo e
mi  mu 11 A e I 10

Table3.1: An example of lists of Amharic alphabets

In addition to these, the Amharic script contaiivg{so called labio-vellars (table3.2a) which

have five orders and 18 additional labialized corsds (table3.2b).

e | b | sk | |- Ta ]
E |- | ® | E | ™
v | A | | |
n-ln- | o (oo b
o o I TR I N R I &

Table 3.2a: Letter variants (labio-vellars) Table 3.2b: Sample lists of labialized consonants
Zelalem (2001) indicates that the Amharic alphaleis around 290 letters and the

alphabet/character has no any capital letter aradl $etter distinction.

3.3. Ambharic Punctuation Marks

Pronunciations are usually used to create a sowm bggtween words or statements in a
language. Amharic has its own punctuation marksiesof them are unique to the language and
others are borrowed from foreign languages. Amhaaie about 17 punctuation marks (Atelach,
2002). Table3.3 shows an example list of punctaatizarks used in the language. The

complete is listed in an appendix2.
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Mark Ambharic English meaning Uses
meaning
29 At e space To separate words
ST2ow
= g o g héF 1A Full stop To separate single phrases
‘é g §: % H ZOU WA Comma To separate single phrases
g g = : | LCNALH Semicolon To separate more than
single phrases
L o ? | peEe 9" ANT | question mark To emphasize a sentence
S5 & spoken
c g = ! PO AT Exclamation To give to a spoken word,
% gc_;s phrase or sentence,
g 8 2 “r | gRUCHT Double quotation | To emphasis ones speech,
0%_ 3 E PPN says, etc

Table3.3 Examples of punctuation marks used in Aioha

3.4. Ambharic Number System

Numbers in Amharic consist of single charactersdioe to ten, for multiples of ten (twenty to
ninety), hundred, and thousand (see appendix3)oory to Bender et al. (1976), these
characters are derived from Greek letters, and seene modified to look like Amharic ‘Fidel'.
Each of the symbols has a horizontal stroke abadebalow. There is no symbol for zero in the
Ambharic script. Thus, arithmetical computationsngsthe symbols are very difficult, if ever
done. As a result, people generally use the HintAbi& numerals. Ethiopic numbers are used

mostly in writing dates and page numbers in texan@er et al., 1976).

3.5. Problems in Amharic Writing System

There are numerous problems observed in the wrgysgem of the Amharic language. Most
researches show that these problems are attriboitdee very nature of the language (Zelalem,
2001; Atelach, 2002; Surafel, 2003; Yohannes, 208@ine of these are:

- Amharic is morphologically rich language
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- Amharic borrowed most of its scripts from Ge’ezhwitit selecting those symbols that
are only necessary for its consonants. As a rdhele are phonemes with different
symbols, where they have meaning in Ge’ez, but theaning is not known in Amharic
(Zelalem 2001)

- The proper use of symbols in Amharic is not studedhaustively and there is no

standard dictionary to refer to.

These and other reasons cause the following prablerappear in Amharic information retrieval

tasks in general and classification in particular.

3.5.1. Characters with Different Form

Ambharic took the whole Ge’ez alphabet (all sevethess of the 26 symbols of Ge’ez) without
considering whether all the 26 characters have mgan the Amharic writing system. This
results in redundancy of characters where more dm@nsymbol is used for a given sound. The

following table shows an example for this problem.

Consonants | Other symbols with

the same sound

U (h&) ¥ h h -4
0 (sé) w

h (8) A 0 and 9

A (tsé) 0

Table3.4some lists of Amharic characters with the same ddtaken from: Yohannes 2007)

Zelalem (2001) recognized these problems creatietisg variations of a word, which would
unnecessarily increase the number of words reptiagea document which could reduce the

efficiency and accuracy of the classifiers. Amhata@ument processing for feature selection
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should therefore normalize word variants (spellsifferences) caused by use of different
characters which have the same sound. This stugogm this problem by changing word

variations into one common form (see algorithmid.gection 4.2.1.1).

The Word in | The Word | Spelling Variants
English in of the Word
Ambharic
Work e Né-
Sun 0ch 2. Adhl: DUE: AVE
World hge 0AZ": G097 Any”
Power UeA e Sea

Table3.5. Examples of the different word spelliig&en from: Zelalem 2001).

3.5.2. Compound Words Usage

In the Amharic writing system, inconsistency iseoftobserved regarding the representation of
compound words. Some compound words are usediagla word in some instances (either by
fusing the two words or by inserting a hyphen betwthem) and as two separate words at other
instances. According to Yohannes (2007) this problould cause high dimensional spaces; i.e.
compound words could result in redundant word festlby creating more words when a
compound word (exampla-2.0-A(1) is treated as two separate wokd§.0 andAll. In the
other hand, it may also result in a semantic lgssdnfusing a document about the city Addis
Ababa @-%.0-Al110) with the one talking about the floral industryuch kind of inconsistencies
might happen in Amharic documents (for instanc&MNA data). Thus, this problem should be

handled in the document preprocessing (see algodtB8 in section 4.2.1.3).

Table3.6 shows some examples of the problems cabgettie use of compound words in

Ambharic writing system.
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Compound words used| Literal English | Compound words used Literal  English
as single word meaning as two separate word | meaning
OhChC Bahirdar OhC SC Sea shore
(L-1-ov-hé- (-1-ov-h¢-) | Laboratory 0. ov-né- House of
Experimentation
0lnL20 (04-hL20) Anti-AIDS 0l hL:0 Anti AIDS
PLPIT (P &-P1T) Surgery P& T Cutting and fixing

Table3.6. Inconsistencies caused by compound words

3.5.3. Transliterations Problem

Transliteration from foreign words to Amharic wordsalso another problem. The problems
resulted from use of loan words that are borrowethfother languages and that do not possess
their own translation in Amharic. The word “Oxfordiay be transliterated ag104.C £

(oxferd) oranneC L (oxford) (Bender et al., 1976). Table3.7 showsdlation of the word

‘meteorology’ in to different Amharic spelling (gutad from: Yohannes 2007).

Foreign Word Equivalent Words in Amharic
usage

Meteorology PN Er LT PCNE TR
UAEPCNE LEPCHET UEPCAR
BT PCNE TBTCPNR
RTCPNCE: TLTePNeEr LT CNR
TLTCPNE TULPCNE: TLEPCNE,

Table3.7.Word variations due to transliterations
Another form transliteration problem is abbreviatitranslation. It can result in different

variation of the word. For example A.D can be ttatesl in t0%2.9°, 2.9°., and%9®.

In this research, such kinds of problems are resbly finding common word for different

variation of words.
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3.6. Ambharic Unicode Representation

The Unicode Standard is the universal charactesding scheme for written characters and text
(Unicode Consortium v.3.0). It defines a consistesaty of encoding multilingual text that

enables the exchange of text data internationalliycieates the foundation for global software.

The Unicode Standard specifies a numeric valueaandme for each of its characters. In this
respect, it is similar to other character encodstendards from ASCIl onward. In addition to
character codes and names, other information gairto ensure legible text: a character's case,

directionality, and alphabetic properties must led defined.

Unicode supports two encoding forms: UTF-16 and 8TETF-8 has been designed for ease of
use with existing ASCIl-based systems. UTF-16 usedncode more than 65, 000 characters

(semantic and surrogate information in additioJid--coded characters)

The current standard, Unicode Standard, Version Godtains 49,194 characters from the
world's scripts. These characters are more thdiciemt not only for modern communication,

but also for the classical forms of many languagiebe world.

Many new scripts and characters have been add¥drsion 3.0, including Ethiopic, Canadian
Aboriginal Syllabics, Cherokee, Sinhala, Syriac, ddgnar, Khmer, Mongolian, Braille, and

additional ideographs.

Since, the Ethiopic script was not included in ABi@l earlier times, there were a significant
problem representing and manipulating Amharic attara. However, now Unicode includes the
Ethiopic scripts (Amharic and others), it makesieraso manipulate and process Amharic

documents.
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Chapter Four

Experiment and Discussion of Results

4.0. Introduction

This chapter presents the process of experimentatsults and discussions. The pre-processing
and the experiments are performed based on theeptndiscussed in the previous chapters.
More specifically, the efforts made while undertakithe whole experiment up to building the

model/classifier is explained in the following aitelcture (Figure4.1).

@ Preprocessing & Doc.

Representation

Data Cleaning
Dy X 5L, T :

Normalization &
Tokenization

Level-2 A Level-2 B Level-2 C ) A AR !
. Stop word removal &
Stemming
y y e 4
Y

Doc 1 F Doc 5

Doc 2 Doc 2 Term Weighting

E ~ JEEEEEE

""" A Training dataset

ocn oc n

Classifier

training Test dataset

Classifier

Figure4.1. Architecture of the Hierarchical Amhaxiews Text Classifier

57



As shown in figure4.1, the classifier has threemeets: preprocessing & document

representation, classifier building, and Perforneagealuation through testing.

Preprocessing is the process of making the docuready for modeling building and testing. It
includes text processing methods such as normializand tokenization, stop word removal &
stemming and term weighting. Training and test dsaitdhen prepared according to the format

required by the tool, LibSVM.

After the data is made ready for experimentatibrg, training data set has been fed to the
learning algorithm implemented in LibSVM so thag ttlassifier (model) would be built. Finally,
the classifier performance evaluation is made usioguracy test. The remaining sections

discuss each steps of the experiment in detail.

4.1. Data Pre-processing

4.1.1. Data Source
The data source for the study was the EthiopiandNagency (ENA). ENA produces news in

two languages: Amharic and English. The News pegpar Amharic was the data used for this
study. ENA uses software named ENASoft to categamnzws items into categories. The title of
the document, slug, keyword and place where thesrieappened are the attributes thorough

which a document can be categorized.

The total number of Amharic news items collected W&075 from 2006-2010. A three year data
from 2007-2010 is considered in this study, becatse the only data stored in ENA in a
hierarchical manner. Moreover, since not all thatents of the document are important for
representing the documersiepastiani2000), keyword, slug, title, and the first 35@udcters of

the news were taken.
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The main problem that appears in data collectios the format that the data was published
with. Each news item was published in html form&ince LibSVM (the experimentation tool)
deal with data in text format, the data shouldilst €hanged into text format. However, there is
no any software that changes the data from htrmhdbrto text format for Amharic language.
Thus, the data were converted into text format ralpuwhich was a bit troublesome during

conducting the study.

4.1.2. Data Cleaning
Real world data are usually incomplete, noisy, neldunt or inconsistent. Data cleaning is an

attempt to fill the missing valugssmooth outnoise remove, redundanciesand correct
inconsistencies (Witten & Frank, 2005). Text clasation is also suffers from these problems.
Hence, it necessitates data cleaning prior to éurffrocessing. Since the data was converted
manually, it makes easier to identify and remoeefttlowing types of documents:

- Documents redundant in the same category

- Documents which were written in both Amharic andisin

- Documents which have no title and keyword.

- News items with missing category labels

ENA uses 12 major categories and 98 sub categturieategorize news items. The categories,

sub categories and number of documents are shotabled.1.
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No. | Major class No. of No. of
Subclasg documents
(2007-2010)
1 | Culture and TourismMUAS -6 NHI) 9 791
2 | Economy h.h7 %) 11 1134
3 | Education {+#°VC-T) 14 1117
4 | Health (0.%) 11 1067
5 | Law and Justice?5 4-1V) 6 704
6 | Politics ¢"a-k:h) 9 1136
7 | Social €7V(14-P) 11 1064
8 | Sport 07°C-T) 7 523
9 | Accident h£.?) 3 2102
10 | Weather and Environmental Protectidthhil(l, S 2203
MPG CAPC V-2)
11 | Relations, Defense, and Security?’ X1 8 2017
AP LUTT)
12 | Science and Technolog.¢ 704 -EnT A E) 4 1150
Total 98 15008

Table4.1. Statistics of data collected from ENAQ22010)

As shown from table4.1, the data was a two levedgm@y, where documents were assigned in
sub categories. Thus, based on the concept in B&&ion 2.4.2), the sub categories in ENA
were used as leaf nodes (last category) in thatuey where the actual news items are assigned.
However, this study needs to have more than tweldeaf categorical data to achieve its defined
purpose. Thus, it is necessary to bring up thebecategories to have parent class. In this case,
these categories are further categorized to obtaire than two levels of a categorical data. The
parent categories where one or more sub categareesssigned to were given a descriptive

name by the researcher in consultation with doragpert.

60



The following techniques are used to do the abouegss:

2. Expert judgment: experts from ENA were asked to give their owngjonegnt on how to
further categorize sub-categories in to one or rparent classes.

3. Document-similarity matrix: documents in each subcategory are represented usi
vectors. Term weight is calculated for each terine the cosine similarity method is
used to calculate the similarity among documeneath category. Cosine similarity
produces a value between [-1, 1] and 0.5 was usea threshold document similarity
value between those sub-categories. The followade shows an example of how sub

categories were categorized up into one categoopt@in more levels of categorical data.

Table4.2. Document-similarity matrix for class “Htéa

Collecting nodes which have similarity value gredtean 0.5 and the values that lie in shaded
one in table 4.2, we can get the following clusters

1. Category one
Given category name: “Disease Prevention and Treatlim

Category code: 4.1

Level: level 2

2 DPT (Disease Prevention & Treatment) indicatesratiination of two subcategories (‘Disease Préwa ‘and
‘Disease Treatment’) which were counted as twasap class in ENA
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CMH DPT oD MTH Key:
CMH |[1.0 0.691 | 0.530 | 0.64 - CMH: Children’s’ & maternity Health
DPT 0.779 1.0 0.98 0.73 - DPT: Disease Prevention & Treatment
oD 0.822 0.7 1.0 0.907 - MTH: Malaria, TB & HIV-AIDS
MTH | 0.54 0.95 |0.564 | 1.0 - OD: Other Diseases

Table4.3.a The first clustentaining 4 classes

2. Category two
Given Name: “Drugs and Pharmatituicals”

Category code: 4.2

Level: level 2
DH TT
DH | 1.0 0.501
TT 0.823 | 1.0

Key:
- DH: Drugs and Heroines

- DT: Traditional Treatment

Table4.3.b. the second cluster containing 2 classes

3. Category three
Given Category name: “Health Development”

Category code: 4.3

Level: level 2
HCD | HP HS MD
HCD | 1.0 0.863 | 0.942 | 0.683
HP 0.850 | 1.0 0.80 | 0.98
HS 0.602 | 0.935 | 1.0 0.570
MD | 0.3 0.795 | 0.544 | 1.0

Therefore, generation of more than two levels aaiegl data were done with the help of
experts’ judgment and cosine similarity value aswahin table4.2 among documents between

categories. Those categories which have belovgithBarity values and decided as they should

Key:

- HCD: Health Center Development

- HP: Health Professionals

- HS: Health Services

- MD: Medical Devices and materials

Table4.3.c.The third cluster containing 4 classes

be put as a separate class on its own by the expegtremoved.
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Document similarity matrix was calculated after @éprocessing of documents were done. 8-
class items with 5100 documents are generatedeaetlult of this process. Table4.4 shows an

example of hierarchical data generated using tlowelprocess. The complete table is sown in

appendix5.
Level- | Level-1| Cod | Level-2 code| Level-3(Leaf node) Code [ No. of
0 e dcts
Religion Religious & national 1.1.1 109
and holidays
Holiday 1.1 | Religious conferences aptl.1.2 | 105
forums
1.2 | Arts 1.2.1 79
R Touris |1 Tourism Heritages 1.2.2 | 110
m and Attractions
o) Culture and | History 123 | 79
0] Eteve opme Nations and Nationalitigsl.2.4 | 84
of Peoples
T Tourism Development 1.2.5 91
Tourists 1.2.6 92
Children’s’ & Maternity| 4.1.1 34
Health
Disease Disease Prevention and.l1.2 135
Prevention Treatment
& 4.1 | Malaria, TB &HIV-AIDS | 4.1.3 | 64
Health Treatment Other Diseases 4.1.4 18
4 Drugs & Drugs & Heroines 421 30
Phlarmatltw 4.2 | Traditional Treatment 422 17
cals
Health Health Centef 4.3.1 150
Developme Development
nt Health Professionals 4.3.2 17
4.3 Health Services 4.3.3 90
Medical Devices &4.34 | 14
Materials

Table4.4: Example of hierarchical level for clasS€ourism & Culture” and “Health”
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4.2. Representing Documents and Classes
Document representation is a process of identifyergns, also called index words which can
distinguish one document (class) from the othee parpose of this section is identifying terms
from training documents such that each class caepresented with the appropriate terms (class
representatives) of that class. The followingisestdiscuss the processing methods.

4.2.1. Normalization and Tokenization

4.2.1.1. Changing spelling variation of the same sound word to one common form

Spelling variation of a word in a document is ohéhe problems in text classification. However,
these different symbols must be considered as abpniv as they do not cause changes in
meaning. As a result, to resolve this probleme@acement approach has been followed. For
example, if the character is one of,"* ', *¥", * 7, *2¥, or " (all of them with similar sound

h), then it is converted to one common forh. The same rule applies to all orders &’

‘0’ and ‘0’ are converted to the corresponding orderq¥gf“A’ and ‘A’ respectively.

Read a character
If the character is one of «h or -1 or 7 replace them with U
(The same applies for the orders of will be replaced by the corresponding orders of U)
Return the replaced character
If the character is 2 replace them with A
(The same applies for the orders)
Return the replaced character
If the character is 0 replace them with 4
(The same applies for the orders)
Return the replaced character
If the character is 0 replace them with A
(The same applies for the orders)
Return the replaced character
If the character is “I® replace them with 7
Return the replaced character
If the character is e replace them with h
Return the replaced character
If the character is . replace them with @+
Return the replaced character

Algorithm4.1. Character replacement algorithm (addprom: Tessema, 2007)
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4.2.1.2. Removal of unnecessaryariables

The numbers, unnecessary spaces, garbage valaésdcvehen a document are read and control
characters in the text of each file are not comsuidor classification as they do not have
contribution to discriminate the classes. Words taiming numbers like (¢ i.e. & or

ENA103862) and unnecessary spaces that exists &etwerds and garbage values created (like

\n\n’, \ufeff’) are excluded at the first phase§preprocessing.

Moreover, punctuation marks are also common in Ainhdocuments. Punctuation marks are
used to separate words, phrases or used to indleatend of a sentence. They are found in a
sentence attached with the word or found with spadeetween. As explained in section3.3,
their presence or absence discriminate the sintyilafi the word in a sentence or the entire
document. For example if the words with punctuateark “2-(1C% 'z’ to mean (agriculture) is
not the same as the word with no punctuation marR€:4” in calculating thetf value for the
word. Hence, removing punctuation marks help toambimore similar words. Hence, the
standard control character; Amharic punctuationksr,:,:,::) ; and symbols borrowed from
English language (?,.,”,” )5, *,|,/) are removedhd following algorithm is used to remove

extraneous variables from a document(s) as paheoformalization process.

Read file

For each character in file
If character in unnecessaryCharchterList then
Remove the character from file
End if

End for

Algorithm4.2. Extraneous variable removal algorithm
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4.2.1.3. Combination of Co-occurring Words

There are words in documents which should appegmther like ‘Am-£- C6 L, “ h7-r0",

etc. These words should not be taken separatelyfrone another; otherwise it will lose the
concept. To overcome the problem, such words aneatenated to form a single word. The
following algorithm is used to combine such kindswords with each other. The complete list is

shown in appendix7 (taken from Ellele Amharic-EsiglAffan Oromo dictionary).

Read file
For each word in an unsorted file
If word is inSpecialWordListhen
Combine word with next word
Else
Continue
End if
End for

Algorithm4.3. Word combination algorithm

4.2.2. Stop Word Removal

Stop words are non-content bearing words whichcaramon in many documents. Thus, stop
word removal is a necessity in text classificapumposes. The assumption is that words which
occur most frequently in almost all documents aye-imformative. Hence, 2100 Amharic stop

words are identified. In this research, two kindsstop words are prepared; one which are
common to Amharic language text and the other whiehrelated to the domain under study

(Amharic News Items).

Like English language, some words in Amharic aredugery frequently in the normal usage of
the language such asa-', ‘P7’, *11C’, * 2C°, "PTI° V7, etc. Such words are identified for

the removal process.
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Moreover, it is usual to see news text that is élsome common words that occur frequently
and used in almost all items. For instance, theda@h%.9-", ‘ A0S o, -F140°, 140 etc,
frequently occur in most Amharic news texts. Hemeays specific common words of this type

are used as stop word list.

Such stop words are saved as file, and the filenameovided to the developed program which

is capable of reading the file and removing th@ stords from each document.

4.2.3. Stemming: Affix Removal
Stemming is used to reduce variants of same wooditamon stem. A single Amharic word has
different forms from context to context. For exaejpwords like N2, ‘AL,

ALTTT, PP, etc should be stemmed into a root wafid’ using stemming.

Nega (2000) has developed a stemming algorithmAfoharic language. Despite the effort
made, the algorithm could not be found. Hence, eansting algorithm was developed in

collaboration with research group memBevkich considers only prefix and suffix removal.

4.2.3.1. Prefixes Considered
Prefixes such astr', ‘(I ¢ OA’," A7, ‘A74¢,'A’, etc (Zelalem, 2001) are considered in
this study . Such kinds of prefixes are removedfmords except where these characters are not
used as prefix such ageo7’, ' -7, (€1, etc. Such kinds of words are automatically

detected from the corpus (news item) and manuadlgacted and inserted into the exception list.

% The stemming algorithm was done in collaboratigi &eleke Abebaw & Alemu Kumilachew.
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4.2.3.2. Suffix Considered

Suffixes are characters attached at the end okthid. Like English, Amharic is also exposed to
a variety of suffixes depending on the contexthaf $entence. There are three kinds of suffixes
identified in this study. The first once are suéfsx which pluralize a noun or a phrase in a
statement such ag?*~ and ‘A*~’; the second once are those suffixes which coateke end

of a verb, noun and phrase such @5 ‘7, ‘9*, ‘<, ‘79", ‘79, etc; the third once are
suffixes which shows plural possession such9a Tm-, #7177, etc. Two ways are used to
remove these suffixes. First, the last one, thiettas, the last three, the last four, and the fiast
most characters of the word are assigned to areiffevariable respectively. The basic
assumptiofi here is the maximum length of suffixes may noatgethan 5. Then if the word is
checked whether it ends with one of the contenttheffive variables, then they are removed
form the word provided that the word is not in #eeptional list such agi&e’7’, * I(1CS”,

‘019, etc, where the contents of these variables atactually a suffix.

Secondly, if the variable contains the suff®-~, the word ‘®*f~ is directly removed from the
word to be stemmed provided that the last charaxfténe stemmed word is different frorfl' 6
order (‘Sades’) of the character. For example hd suffix word is removed form the word
L2 it resulted in the word-17¢’, since the last character of the stemmed wdid (
which is different from B order of the characte?.’, i.e. ‘C’. In this case #7' is directly
removed and the wordl*“?¢’ is used as a stem word. However, direct remof&he suffix has
exceptions to words which end witt.” (for example f@-’, ' A2*"). When the suffix 24+ is
removed, it resulted with charactéy'. In this case,’ is combined with the charactem* and
used as a stem word.

In the other hand, if the word ends withf-, it is directly removed and thé"ésymbol of the

first character of A%~ is added to the stemmed word. For example, invibed 62+, when

4 An experiment was tried in lab to know the averegeth of suffixes for sample Amharic Words byitaktheir
plural and plural possession of a word. The avelaggth was 4. This helps us to assume a maxireagth could
not be greater than one step higher than the awéeagth, 5.
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‘627 is removed, the first ® symbol of the first character 6t, which is, 4 is added to the
stemmed word/symbol (e.gi’), which will be M4~’. The following is the algorithm used for

prefix and suffix removal.

Read tokens
For each token in token list
If token starts with prefix
If token not in exceptional list then
Remove prefix
End If
End If
End for
For each token in token list
Assign the last one, two, three, four, and five most character of the token to a
variable.
If token ends with either one of contents of a variable
If first char of suffix different from ‘Sades’
If token not in exceptional list then
Remove suffix

Else
If token not in exceptional list then
Normalize a stem word
Remove suffix
End If
End if
End for

Update token list

Algorithm4.4. Affix removal algorithm

The result of previous experiments is a set ofeggntative terms used to calculate term weights
for the classification task. Hence, in a tokenmatprocess, words which have less contribution
in representing and discriminating news have bdiemrated. Words including numbers which
match to the stop words list are removed. Moreoasra method of enhancing representation,
stemming is also used to bring words with similanaept but varying characters due to
grammatical usage of Amharic; that would othervsetreated differently. . As a result, the
features are reduced from 297981 to 189877. THewwlg table shows the results of features

generated through text preprocessing.
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Category | No. of Normalization & Stemming All preprocessing
tokens | Stop word removal

FN RN R% | FN RN R% | FN RN R%

Culture& | 24325 | 18176 | 6149 | 25.28 | 20075 | 4250 | 17.47 | 15834 8491 34.91
Tourism

Economy| 27242 | 20753 | 6489 23.82 | 21534 | 5708 20.95 | 17352 9890 36.3

Educatio | 51223 | 41271 | 9952 19.43 | 43531 | 7692 15.02 | 31770 19453 37.99
n

Health 42277 33062 |[9215 |21.8 |[39531 | 2746 6.5 26348 15929 37.68

Law & | 22307 |16185 |6122 |27.44]18937 |3370 |15.11| 14961 | 7346 32.93
Justice

Politics 61459 | 51321 | 10138 | 16.5 | 51778 | 9681 15.75 | 38690 22769 37.08

Social 50463 | 41829 |8634 | 17.11 | 42524 | 7939 15.73 | 32234 18229 36.17

Sport 18685 | 13648 | 5037 | 26.96 | 15499 | 3186 17.05 | 12688 5997 32.1

Total 297981 | 236245 | 61736 | 20.72 | 253409 | 44572 | 14.96 | 189877 | 108104 | 36.28

Table 4.4.Normalization, Stop word, stemming expents for feature reduction

Table4.4 shows the number of features resulted atieh processing, FN is the number of

features after each preprocessing, RN is the nuoflreduction of features from the total tokens

generated during tokenization, R% is the reduabifieatures in percentage.

As it can be observed from the table that normadimsand stop word removal reduces features
better than other preprocessing methods, whicl®.i8226 for all categories. Stemming reduces
features by 14.96%. When all the preprocessingiedogether, 36.28% of features are reduced

for all categories.

More over, a sample of 500 tokens is randomly setefrom a set of training documents in each
class to test the efficiency of the normalizer, gtep word removal, and the stemmer. Thus,
these tokens are manually counted and put int@ threups; tokens which neadrmalization

stop word removalandstemming Therefore, a total of 289 tokens which need tstkexmed; a
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total of 101 tokens which stop word removal procdssuld be applied; and a total of 307 tokens
which need to be stemmed are identified. The mamsglection of the result after each of the

algorithms is applied on each of the correspontbikgns is shown in the following table.

Algorithm No of tokens No. of correctly Accuracy
givento (a) | preprocessed tokens (bjb/a)
Normalizer 289 271 93.77%
Stop word removal 101 81 80.2%
Stemmer 307 194 63.2%

Table4.5: Accuracy of a normalizer, stop word real@nd stemmer on 500 sample tokens

As it can be seen from table4.5, the efficiencthefalgorithms looks like the result shown in the
fourth column. Most of the incorrectly preprocessakens come from a writing font difference
between comparing characters during normalizatiomecessary existence of bad characters

with the token during stop word removal; and prabl& pluralization during stemming.

4.2.4. Term Weighting
The next step is term weight preparation usingé¢haéures generated as the result of the previous
experiment (as shown in table4.4). Thus, term wseigire prepared based on the concepts

discussed in section2.6.1.2 according to the reqants of the tool selected for experiment.
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4.3. LibSVM: Experimentation Tool

LibSVM (a Library for support Vector Machine) isté@grated software for support vector
classification, regression and distribution estiorat LibSVM ™" is an implementation of
the multi-class Support Vector Machine (SVM). Fdraning set (xY1) ... (%.Yn) With labels y

in [1..K], it finds the solution of the followingpdimization problem during training.

!
) 1+ .
min —w' W+ E £
w b L 2 -
=1

hlll‘.:'lj[.‘(.[ 1|;":| ;f.lwff‘]{xl:l _|_ I!I_l":| E J_ _— E‘,l-l FOI’ a”yln [1...k]........... (4.1)

& =0

Where C is the usual regularization parameter ttztes off margin size and training error
(avoids misclassification error) argg is misclassification error in linearly non-sepdeabase.

Misclassification takes place whér>1.

The above optimization defines the optimal hyperplto be the hyperplane that maximizes the

geometric margin and minimizes the functional nasslfication errorg)

Here the training vectorg are mapped into a higher dimensional space by etium . Then
SVM finds a linear separating hyperplane with thaximal in the higher dimensional space.
C>0 is the penalty parameter of the error termtifeumore, k¢i,xj)  (xi)T is called the
kernel function. SVM used four basic kinds of késner mapping training instances into high

dimensional space as their distinctions are distlsssection2.7.3.

We used linear kernel and c=1 in all our expermeadsit gives best results during our

experments
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4.3.1. InputFile Preparation
The term weight prepared in section 4.2.4 is usegrépare the input file using LibSVM. The
input file contains the training examples and tegtexamples with the same file format.

LibSVM requires the following format to prepare theut file:

[line].=. [label] [index1]:[valuel] [index2]:[valug] ...
[line] .=. [label] [index1]:[valuel] [index2]:[vale2] ...
One record per line, as:
+1 1:0.708 2:1 3:1 4:-0.320 5:-0.105 6:-1
Where,
Label (target value): Sometimes referred to as 'cléiss'class (or set) of classification
and its values are integers.
Index (feature number): Ordered indexes. Usually camtirs integers
Value (feature value): The data for training which camsagerm weights.
The target value and each of the feature/valuespaie separated by a space character.
Feature/value pairs must be ordered by increagatufe number. Because LibSVM supports

only numerical data, the words were changed to nigale

Each line represents one training example in awstre described above. It means, we have an
array (vector) of data (numbers): valuel, value2, valueN (and the order of the values are

specified by the respective index), and the classhg result) of this array is label.

Valuel, value2,....valueN is usually the input datahe problem under study which involves
lots of 'features’, or 'attributes’; so the inpuit v a set (or say vector/array). If we take two

points in the X and Y plane, it is assumed thahgawnt has coordinates X and Y so it has two
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attributes X andy). For example, to describe two points (0,3) an8)(&s having labels(classes)
1 and 2, we will write them as:

1 1:02:3

2 1:52:8

And 3-dimensional points will have 3 attributes aodon.

LibSVM uses the so called "sparse” format wher® z@lues do not need to be stored. Hence,
this kind of file format (representation) has tliwantage that we can specify a sparse matrix.
For example, if we have data with attributes

1020
IS represented as
1:13:2

Therefore, all the files (documents) in each catggoe done automatically in a similar way.

4.3.2. Running LibSVM

SvMMUIielass cansists of a learning module (svm_multiclass ipand a classification module

(svm_multiclass_classify). The learning module sakbe files to be learned. It learns the

characteristics of the data and develops the mmddhassifier. It has the following format:
svm_multiclass_learn [options] training_examplee fihodel_file

Where,

- svm_multiclass_learis the learning module.

- optionsare the kernel functions and their parametersngiedearning module to train
the example file. Linear kernel and C=0.01 are sofithe default values in LibSVM

- training_example_filés a file containing training instances (a filebt® learned)

- model_fileis the learned rule generated by the classifinaticodule using the

selected parameters
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In the other hand, the classification module canubed to apply the learned model to new
examples. It has the following format:

svm_multiclass_classify [options] test_example rfiteel_file output_file

where,

- svm_multiclass_classifg the classification module

- optionsare functions and parameters

- test_example_fila file containing test instances (a file used &b éelearned model)

- model_file the learned rule generated by the classificatimdute on which the

test_example_files tested

- output_file is astandard output of a classification/prediction hesu

For all test examples in test_example_file the joted classes (and the values of x;fav each
class) are written to output_file. There is ones lper test example in output_file in the same
order as in test_example_file. The first value acteline is the predicted class, and each of the
following numbers is the discriminant values focleaf the k classes. For example, given a
testing file,

2 1:1.08889 2:2.1978 3:0.9634
theoutput_fileresults the following output

Class 1 2 3
Prediction 2 -0.067107 0.112766 -0.045659

SVM compares the prediction of each class and thenclass with the maximum value is
assigned to the test file. Thus, the above examptevs that the test example is correctly

predicted as class 2 among 3 classes.
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4.3.3. Performance Measures
After models are trained by solving the above ojation problems, users can apply LibSVM
to predict labels (target values) of testing da&dx1,.....xn be testing data anf{x1),...., f(xn)
be LibSVM's predicted decision values (target valtmr classification). If the true labels (target
values) of testing data are known and denoted as.., yn, the predictions are evaluated by the

following measures:

# correctly pridicted data
# total test data

Accuracy = X 100%...eieeieiiieiee e (4.2)

4.4. Experiments and Results

4.4.1. Experimental Setup

Training data
The number of news documents used in this expetimeas 5100. Since hierarchical
classification emphasizes the relationship amoragses, rather than building single huge
classifier, a classification is accomplished with tooperation of classifiers built at each level o
the tree. The training data is organized into 3levfrom level-O(root level) to level-2. Each
level represents classes or subclasses in a aasisif tree. Thus, there were 8 classes at leyel-0

20 classes at level-1, and 69 classes at levetiRavieast 14 documents in them.

The classifiers at each level were trained usiegasociated documents of all subclasses of that
class. Thus, the level-0 classifier was trainedgisiocuments of all subclasses of that class from
level-1 through 2. In contrast, each level-1 cl@gssiwas trained with documents from the

appropriate level-1 subclasses up level-2.
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Testing data

The accuracy of the classifier was tested using tdst data selected from each level-3
documents. These documents were excluded fronrdaimenty process and were selected from
different level-3 classes. Since the class fronchvithe test documents were selected is known,
the accuracy of the classifier is evaluated howrothe classifier assign the test documents to the
classes from which they originally came. Moreowee, used the accuracy of classification (see

equation4.2) as an evaluation measure.

4.4.2. Effects of the Number of Classes and Documents on Flat

Classification

We created a single classification system by tngjra flat classifier for all classes in the top 3
levels of the classification tree, ignoring struetu In other words, each of the 97 classes was
trained using 70% of the documents from each cM&shad broken the classification process
into pieces of classes taken separately at a timseé¢ the performance of the classifier while
increasing number of classes and documents (fetufbus, classes in level-0, level-1, and
level-2 were separately considered for the fistosnd, and third experiment respectively. Since
each document is assigned in the leaf node ofl#ssitication tree; level-0 classes will have the
same number of documents as that of level-1 anel-Bwhen used separately for the next
corresponding experiment. Hence, | selected doctsnesing 50% of the collection to
experiment on level-1 classes, and 70% of collaectiw the second experiment and 90% of the

document collection for the third experiment.

Moreover, the effect of top features on the cfamsperformance of a flat classification system

and the reasons behind is addressed in this seaftible experiment.
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Experiments labeled as I, Il and Il shows the lesnd discussion of the experimentation when
an increasing number of classes and documentsapestdered where as Experiment IV shows

the effect of top features on the classifier perfance of a flat classification system.

I. Classification with 8-Classes

In this level, 8- Classes and 50% of the total neimbf documents in the collection were
considered. Training and testing data shares @8 @&nd 30% of these data. Hence, 1785
documents were used for training and 765 documeete used for testing. Thus, 80.34%

accuracy was found as result of this experiment.

Category | Tourism & Economy| Educatio| Healt | Law & | Politic | Socia | Spor | Tot.
Culture n h Justice| s I t

Training | 525 394 639 399 353 596 486 182 1Y85

Testing 224 168 273 170 151 255 207 78 765

Accuracy 80.34% 2550

Table4.6. Experiment on 8-(level-0) classes

IL Classification with 20-Classes
The number of classes which are considered inetkgeriment was 20; and then 70 % of the
total documents in the collection (from which 70%itofor training and the remaining for
testing) were used. Thus, 66.09% accuracy was famdhe result of the experimentation.

Table4.7 shows the result of the experimentatioermimore number of classes and documents

were used.
Training/testing data sets No. of documents Total
Training 2499
Testing 1071 3570
Accuracy 66.09%

Table4.7. Experiment on 20(level-1) classes
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I11. Classifications with 69-Classes

To make the experiment sound, again more numbelastes and documents were used in this
experiment. Hence, 69 classes and 90% of the do@lment in the collection were used; and
the training and testing data receives 70% to 3@8pectively. An accuracy of 50.32% accuracy

was found as the result of this experiment.

Training/testing data sets No. of documents Total
Training 3213

Testing 1377 4590
Accuracy 50.32%

Table4.8. Experiment on 69(level-2) classes

From the above three experiments, it was foundttreaccuracy decreases when the number of
classes increased from 8 to 20 and then to 69trendumber of documents increased from 2550
to 3570 and then to 4590. Moreover, the averageracg obtained from the above three
experiments was 65.58%, which were decreased htstaps of the experiment. This shows that
as the number of classes and documents increa&spetformance of a flat classifier decreases.
This is because, as the number of documents i®asnrg, the number of support vectors
increases. Since the classification is done inutidimensional plane where we can draw a
number of hyperplanes, the increasing number op@upsectors causes to narrow the margin
between these hyperplanes. The smaller the mardigpérplane then causes maximum
classification error on unseen test instances djpam the difficulty to get the maximum

marginal hyperplane (MMH).
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IV. Effects of Number of Top Features on Flat Classification

All the 97 classes and total documents in the ctiia were used to see the performance of the
flat classifier at increasing number of top feasunnich were extracted from the test documents.
Thus, the top features up to 20 words were consitehere the features were selected based on
their tfidf weights. The peak accuracy in this experiment 6884 % when the top 3 featutes
were used. This means that least number of featumsshigh discriminating power among
classes than more number of features, which aredf@cross many classes. Figure4.2 shows

effects of top features on flat classifier.

Accuracy

80.00%

70.00%

60.00% /

50.00% /
40.00% / “\‘\,;
30.00% /

== Accuracy

20.00% /

10.00%
0.00% _J T T T T T T T T T 1

1 3 5 7 10 12 15 18 20 All

#Top features

Figure4.2. Effects of the number of top featureshenperformance of flat

classification

® Top 3 features are selected based on their teiightvédence, the first three maximum weighted fesiare used.
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4.4.3. Experiment Using Hierarchical Classification

For the hierarchical classifier, we constructedea & classifiers, one at each level of the
classification tree, using training method desatibe section 4.4.1. Thus, there was one
classifier at level-0 (trained on the 8 level-1sskas), 8 classifiers for level-1 (one for eachlleve
1 class), and 20 classifiers for level-2 (one factelevel-2 class). Since each classifier has to
deal with a more easily separable problem, andusaran independently optimized feature set, it
leads to slight improvements in accuracy apart ftbengain in training (learning) and testing
speed.Table4.9 shows the performance of hieraicluleassifier as it improves down the

hierarchy for randomly selected classes (Educatadd 2), Health (code 4) & Politics (code 6)).

Classifier Level-0 Classifier

Training set 3570

Testing set 1530

Accuracy 63.03%
Classifier Level-1 Cllssifier (2) Level-¥ Classifier(4) Leval-1 Classifier(6)
Training set 394 399 595
Testing set 168 170 256
Accuracy 78.76% 81.15% 79.76%

A 4 A 4 A 4 A A 4 A
Level-2 Classifier| 2.1 2.2 2.3 4.1 4.2 4.3 6.1 6.2
Training set 163 161 |70 176 |33 190 | 475 120
Testing set 70 68 30 75 14 81 204 52
Accuracy 87.93 | 90.37 |88.23 | 85.71|89.37 | 86.0 | 82.62% | 85.56%
% % % % % 1%

Table4.9: The Increasing performanceiefanchical classifiers
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Table4.9 shows the improved performance of theahibical classifiers at each levels of the

classification tree. This is because each clasgifgals with the documents associated to only
that class or subclasses of that class and it otrates on a smaller set of documents, those
relevant to the task at hand. As it is shown abexp|oiting the relationship among classes and
utilizing the hierarchical topic structure results a considerable increase in the classifier
accuracy.

The testing data in the table4.9 shows those insgamwhich participate in testing the level-0

classifier, extracted from the corresponding clasdevell through 2. This is because the

LibSVM only evaluates whether the classifier assigine test documents to the classes from
which they originally came; from which the accurasyalculated using the equation described
in equation 4.1. Thus, in this study level-1 andele classifiers are tested with documents

selected from that classes and subclasses of ltest; ©thers left out as it always degrade the

accuracy value of the classifier.

Effects of Number of Top Features in Hierarchical Classifiers

The documents were initially classified at levelifing a varying number of features per
document where the features were selected baséueonfidf weights. The first run used only
the highest weighted feature for classifying thewoents and number of features was increased
in each subsequent run until a maximum of 20 featuiThe level-O classifier had a peak
accuracy of 81.50% when the top 5 features werel.uSEgure4.3 shows the result of the

experiment.
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Figure4.3: The effect of the number of top featusekected from test documents on level-0
classification accuracy

The test documents were then classified at lewehile again varying the number of top features
from 1 to 20. At level-1, the classification prosds same as above, but it is constrained to
consider only the subclasses of the best matcHass at level-0. As shown in figure4.4 below,

the level-1 classifier had a peak accuracy of 8. .®hen the top 10 features were used.

Accuracy
90.00%
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60.00% /
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1 3 5 7 10 12 15 18 20 All
#Top features

Figure4.4: The effect of the number of top featusetected from test documents on
level-1 classification accuracy
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Finally, the test documents were classified at l@vevith the classification process now
constrained to consider only the subclasses dbéise matching class at level-1. Since all the test
documents originally came from level-2 classes, dbeuracy of the classifier overall is best
judged by the accuracy at level-2. The level-2sifees had an exact match precision of 89.06%
when the top 15 features were used. This meansfthat a set of 97 classes, the hierarchical

classifier correctly classified 89.06% of documenttheir original class.
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1 3 5 7 9 10 15 18 20 all

#Top features

Figure4.5: The effect of the number of top featusetected from test documents on

level-2 classification accuracy

It is interesting to note that, as we move downhiegarchy, the classifiers perform better with
more features extracted from test documents. Thisecause they need more information in

order to make finer-grained distinctions betweendlasses.
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4.4.4. Comparison between Flat Classifier and Hierarchical Classifiers
Analyzing the result of the above experiments, hes riumber of class and documents to be
considered increases, the performance of flat ifilmsdecreases but the performance of
hierarchical classifiers increases as we move ddken hierarchy. This shows that flat
classification depends on the number of classesdacdments to be considered compared to
hierarchical classifiers.

To compare the relative performance of the flassifeer and the hierarchical classifiers, the
same set of test documents was used. As showiguref.2 and figure4.5, the flat classifier
produced an exact match accuracy of only 68.84 #nwthe top 3 features were used, where as
with the hierarchical classifiers 89.09 % of thewdwments classified had exact match accuracy
when the top 15 features were taken. This imphag keast number of features are needed to
discriminate among a large number of classes wtleree is no relationship among classes;
whereas more number of features are needed tordisate among classes where there are more
closer similarity between classes or documents dfsas (in hierarchical classification). Thus,
we can conclude that the use of hierarchy for tehassification results in a significant

improvement of 29.42 % in exact match accuracy tweflat classifier.
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Chapter Five

Conclusion and Recommendations

5.0. Conclusion

Along with the advancement of Information Technglogie are flooded by huge amount of
information. This problem has caused obstaclesitoam beings to get useful information out of
these huge collections. Hence, this necessitatggoper way of data organization and
management in such a manner that it can be eagiBsaible to those who seek it. One way is
the use of manual document classification. Mantegsification requires individuals to assign
each document to one or more categories. Howegeth@ amount of data and information
increases, this approach became tedious and coagimes to organize documents using human

hand.

An alternative way is to organize data and infororatising automated systems, which are often
referred to as automatic document classificatianuses automatic solutions to classify an

electronic document into one or more categoriesdbas the characteristics of its contents.

Several researches have been done on automatiandotuwclassification with the help of
different machine learning approaches; and goodlteesvere found. However, most of them
focus on flat classification system, i.e. eachdqpategory) is considered independent of others

where there is no any relationship among them.

Even though, flat classification has become a weslablished research area for the last 30 to 40
decades and many good classifiers have been ded:ldipe approach hadn't yet a feasible
solution where most real world application needdtires that define relationships among them

are necessary. As the technology such as intemostsg the number of possible categories
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increases and the borderlines between documerseslase blurred. As we use a large corpus we
may have hundreds of classes and thousands ofdsaflihe computational cost of training a

classifier for a problem of this size is prohib&iv

To solve these problems, approach that utilizeshitéerchical topic structure to decompose the
classification task into a set of simpler problasmproposed. It is often referred to as hierardhica
classification approach. Hierarchical text classifion uses a divide-and-conquer approach (also
known-as top-down approach) to deal the large ifieesson problem into a set of simpler sub

problems, one at each node in the classificatiea. tr

In such a hierarchical structure document typeoimecmore specific as we go down in the
hierarchy. Thus, hierarchical classification of dments is very much important to access a
specific document or group of documents from trexaichical organized document collections

as compared to flat classification.

This paper also introduces support vector mach({B&8/) for hierarchical text categorization. It
provides both theoretical and empirical evidencat t8VMs are very well suited for text
categorization in general and hierarchal clasdibcain particular. The theoretical analysis
concludes that SVMs acknowledge the particular @rigs of text: (a) high dimensional feature

spaces, (b) few irrelevant features (dense conezpbr), and (c) sparse instance vectors.

The experimental results show that SVMs consisteathieve good performance on hierarchical
text categorization tasks, outperforming existingtmods substantially and significantly. With

their ability to generalize well in high dimensi¢rfi@ature spaces, SVMs eliminate the need for
feature selection, making the application of teategorization considerably easier. Another

advantage of SVMs over the conventional methodkas robustness. Furthermore, SVMs do
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not require any parameter tuning, since they cath glood parameter settings automatically. All
this makes SVMs a very promising and easy-to-usthadefor learning text classifiers from

examples.

LibSVM was used as an experimentation tool due t$o ability for efficient multiclass

classification, automatic model selection and dastdifferent SVM formulations.

The data collected for this study a one-level datawever, it is preprocessed in a manner that
hierarchical data (categorically leveled) data lidamed to fit with the purpose of the study.

Document-similarity matrix and experts’ judgmentreveised to generate a categorical level
data. Therefore, three level hierarchical datebisioed with 8 level-0 classes, 20 level-1 classes

and 69 level-2 classes.

The experiment was done following three approaches.

1. Assure whether the traditional classification meltfitat classification system) is dependent
on the number of classes and features
2. Constructing hierarchical classifiers at each lew#lthe classification tree and see whether
the performance of the classifiers were improvedi@snove down the hierarchy
3. Evaluating the classification performance betweedqstimg traditional system (flat
classifier) and the hierarchical classifiers wiilb same test data.
Accordingly, the following result was obtained bésmn the experiments done using the above
three approaches.
» Based on the first approach, the 97 classes weidediinto 8, 20 and 69 separate classes
with an increasing number of documents in them.sTliuwas found that the accuracy

was decreasing from 80.34% to 66.09% and then 18252 as the number of classes
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increased from 8 to 20 and then to 69; and the runmbdocuments increased from 2550
to 3570 and then to 4590 respectively. This shdves &s the number of classes and
documents increase, the performance of a flatifilexrsdecreases. This is because, as the
number of support vectors increases with the irsinganumber of documents. Since the
classification is done in a multidimensional plarbere we can draw a number of
hyperplanes, the increasing number of support vectauses to narrow the margin
between these hyperplanes. The smaller the margypadrplane then causes maximum
misclassification error on the later unseen testtaimces apart from a difficulty to get the
maximum marginal hyperplane (MMH).

According to the second approach, an experimentdeas on randomly selected class
levels as shown in table4.9. Thus, it shows an avgal performance as we move down
the classification tree. For example, the maximagueacy achieved is in level-2(the last
level in the category level), which is 90.37% i thconomy class as designated using
code 2.2 in table4.9.

The improved performance of the hierarchical cfassi at each levels of the
classification tree in the experiment is becauss edassifier deals with the documents
associated to only that class or subclasses otthss, it concentrates on a smaller set of
documents, those relevant to the task at hand.dj¢he maximum marginal hyperplane
can be easily generated in one hand linear SVMsifiais can be easily applied in the
other hand. Moreover, we can deduce that a corabterincrease in the classifier
accuracy is as a result of exploiting the relatimpsamong classes and utilizing the
hierarchical topic structure in it.

Again based on the third point, an experiment wasedusing the top number of features

selected from the same test document using onecléasifier and classifiers at each
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levels of the category tree. Accordingly, a flaisdifier shows a maximum exact match
accuracy when 3 top features were used whereahi¢harchical classifiers shows an

improved exact match accuracy at increasing nurobap features at each level of the
category tree. As a result, the last level (leyetiassifier accuracy result was taken and
compared with the accuracy obtained in flat cléssiin such a way, the flat classifier

produced an exact match accuracy of only 68.84%nwine top 3 word were used, where
as with the hierarchical classifiers 89.09% of tloeuments classified had exact match
accuracy when the top 15 features were taken. Misns that the use of hierarchy for
text classification results in a significant impeowent of 29.42 % in exact match

accuracy over the flat classifier.

From this experiment, we can understand that maedsvare needed to discriminate
classes (topics) that are close to each otherarafuhy as they have more in common

with each other than classes (topics) that arealyaiar apart.

Apart from the increased classification performandassification speed can be taken as an
advantage in hierarchical classification approasimgi Support Vector Machine. The only
limitation to SVM is the longer learning/trainingnie. It might take more than a day. This

learning time could increase with an increase nurob&aining data.

Finally, the findings of this research could be mgignificant to content-based information

retrieval in addition to the different applicatiossplained in the paper.
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5.2. Recommendations

The aim of this research is to explore the useiefalhchical structure for classifying a large,
heterogeneous collection of Amharic news items. coddingly, the result of this research
showed that hierarchical classification is a pagtsolution in classifying a large, heterogeneous
collection of Amharic news text efficiently and egtively. However, there are also additional
tasks recommended to see the full capacity of usihggrarchical approach in text classification.

Thus, two kinds of recommendations are forwarded.

i. Regarding the Domain Under Study (Amharic News Text
Many preliminary works in Amharic language havé&done as prerequisites for any research
on Amharic text processing. Otherwise, it woulduieg a researcher do these tasks from scratch
and rather than concentrate on a specific probletshle interested to do. In this regard, at least

the following systems should be done:

a. Amharic spell checker as can be seen in many documents, Amharic dodsraafier
from spelling errors. In reality spelling errordivdegrade the performance of text
processing systems.

b. Stop word list: the stop lists used in this research are maielysnspecific terms as
explained in section4.3.2. As a result, they matylre helpful in other areas or
domains. Therefore, an exhaustive stop word listife language should be developed.

c. Thesaurus as there are many variants of words in Amhartbegaurus would help in
reducing the features identified by bringing vatsaof the same word into a one
common word. This will increase the discriminatmower of terms. Thus, Amharic

thesaurus should be developed.
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d. Corpus Preparation: in other languages, it is very common to preparpu®for
research purpose; unfortunately, there are no atdrabrpus for Amharic text
classification, as to the researcher’s knowledgseRrchers can devote much time on
their work if standard corpus is prepared for Anihalassification experiments like

‘Reuters-21578’ for English.

ii. Regarding the Approach Used
- The approach used in this study is solely a supedvione. However, there are some
concepts which did not match with any of the clas§aich kinds of cases in supervised
approach are forced to be assigned one of theesladsspite forming its own cluster
(class). In such cases, a combination of supenteseding and clustering is important to

solve these kinds of problems. So this method shbeltested.

- In our hierarchical classification approach, aroemade at the parent category is not
recoverable further down the tree. Some mechamistakie care of this error cascading
can be developed so that child classifiers are tabiecover from the errors made at their

parents.
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Appendix
Appendix1: Amharic characters (‘Fidel’)- &.£&A\- adapted: from Zelalem, 2001

Appendix2: Amharic punctuation marks (Adapted from: Atela2@02)

99

Order Labialized

lst | a_,::-.1 | a{nl | 4”1 | ﬁlh | ()Ih | ?lh
v hat hu Z hi Yha he vh U ho
A liaAlu Al Ala Al Al A lo a,1"a
d ha dehu h,hi shha dhe hh +h ho
aPmii omu YL mi “PTma “Ame 'm 9 mo I m"a
woghi e su ML osi Mlsa MLse s ¥ oso
Lt Sru 6 oriodra e Cr (10 ér'a
O siMsu M si 1sa bse Ns 0 so q,s"a
N oS MeSu fosi 4sa Mse TS 03 45"
+ qikqu £ q Pqu kg Pq H qo|RqE +qi ®Rq'a Qe +~q'¢
Poqi & kg Pqu & Pq @ ©qi b % | pe
N bi (kbu (L,bi flba (Lbe -1 b0 bo ), b"a
T ikt Lt Jta bte ot Ao Ya
o Beu B A ¥ ca Bee T¢ ¥eo F&™a
4 hik+hu “Lhi ha Lhe 4 h <ho [wh" - h" Ah%a ALh% -mh'e
Y nienu ZLni Yna Zne F n oo 5 n"a
FondRnu Lol Fna Rne ¥ on %o G in'a
A ahu hl ha he K”h ¢ho
W wi @wy Lwi Pwa Ewe @ w Pwo
0 a cu %i % a %e o c Po
ki hku hki Qka hke B k bko [hwk'd ki Bk'a hk bWk &
Mhi “fhu  hi Mha "he T h “fho
Mzi Izu M,zi Mza ILze N z Nzo 1,7 a
Wzi Wiu Iz Wia Wie Wi M 7o
Pyi fyu Ryi Pya feye Ly fyo
T kgu Lo 2ga bee g Ago [bei T Ada pgle i

E‘ E‘ [= = = L= (= (= = [= 4.2,." =
Cdi %du S di Sda Lde Sd Ado % d"a
Pri Bou S5 fm fge O Ry
MMy i M e Pt Mo 20"
WELCA GBiCu GG Méa eRece o ¢ Co 6éa
Asi ksu Asi Asa Ase Rs  RAso %s"a
Psi  tsu Lsi 9sa Lse ds  Fso
Api Apu Api Apa Ape Kp &po
bfi $fu &fi 4fa dfe §f &fo 4"
Tpi "Kpu ‘Lpi Jpa ‘bpe Tp Zpo
(vi (kvo (vi Ava fve Alv ivo




No. Punctuation mark Symbol Purpose
1 The four dots or double colon i Mark end of a sentence
2 Colon Separate words in a sentence: not
COmmon
3 White space Separate words in a sentence:
current practice
4 Question mark ? Placed at the end of questions
5 Exclamation mark ! Used at the end of sentences that
show exclamation
6 Comma 3 Used like comma
7 Semi-colon H Used like semi-column
8 Three dots For deliberate omission of words,
phrases, or sentences
9 Quotation marks «» Used at the beginning and at the
end of quoted word, phrase, etc.
10 Parenthesis () To enclose elaboration
11 Stroke / Separate date, month, etc.
12 Mocking mark : Placed at the end of mocking
sentence
Appendix3: Amharic Numbers (adapted from: Zelalem, 2001)
| b 6 i 20 & o &
2 g 7 % 0 a gp
3 £ 8 & 40 o 90 §|
4 ] 9 ¥ so i o
s & o1 60 & looo  é
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Appendix4: News items (major and sub categoriesptiected from ENA

No | Major class| Sub| Sub class
no
1 | ea- 152 (Women Affairs)
2 | 0é- APt (Unemployment)
3 | ANAPR ACH I (Social aid)
NNCE 4 T ace T 22 (Sex)
L (Social) 5 | .20Fq &5 (Marriage & Divorce)
6 | ALCT (1din
7 | A0éS Oe-15 (Employer and Worker)
8 | A .7 (old persons)
9 | TS @M1 145 2 (kids & youths affairs)
10 | Pov- G YA "V L1 (professional & public corporations)
11 | Al %15 (physical disabled persons)
12 | 1 @70 3P 150 (Constitutional affairs)
13 | ov-0G (corruption)
2 14 | 2610 NhC N CANT (nations and nationalities & justice)
U“)G‘_li:—‘t-u 15 | 247 h AhA-T (Justical and legal bodies)
(Justice 16 | P 7EA 50T (crime affairs)
and law) 17 | nc “1r4-- (genocide)
18 | v-a-IF &4E -1/ (secondary school)
19 | he 1% L4F /0T (higher institutions)
20 | aw Q0% LAV /0T (informal school)
21 | oo PdA VAG T (kindergartens)
22 | G /0.1 (women'’s education)
3 | pgouc 23 | -th2 L5 PCP-t -1/t (distance & continuing education)
(Education) 24 | K785 &4E /01 (primary level education)
25 | PawgPyCS 17142 0% (teachers & students forum)
26 | 299 I/ 0L A (free scholarship)
27 | e-En'Lng ov- ¢ -1/ (technical & vocational education)
28 | ¢-I/-I* ti4-"7 (education coverage)
29 | T/ oo15% h 8,2 (educational communication systems)
30 | P/ aoAg £ P (educational materials )
31 | e/t P77 770 I~ (educational institution development)
32 | v e7IT P 0P P (religious conferences)
GWAGT 33 | VL7 IPT NP 004 (religious & national holidays)
AP 34 | 1695 ATISP LCUAT (Taboos)
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(Culture 35 | N 2 (visitors)
and 36 | J-¢a (history)
Tourism) 37 [ -0 (ar))
38 | #CA (heritages)
39 | PNhC Neh OOTG O (NNP)
40 | P-:¢HY° AT (tourism development)
41 | QAP A7"C-F (traditional sport)
42 | 0ha (boxing)
43 | AT HooGP PO CA R 81T (modern sports)
07"Cr 44 | Pd. L6177 WA (federation bodies)
(Sport) 45 | 672C a0 (football/soccer)
46 | A'tA-H0n (athletics)
470G 47 | aoGE A7 (mass media)
EnT a8 48 | 9°CI°CS 75T (research and dissertations)
(Science & | 49 | A16C72 N7 BN A E, (ICT)
T)echnolog 50 | Pd.mé- Né-PT (creative works)
Y
51 | A, Aé-T AL.? (Manmade accidents )
he) 52 | PHé.m@ hL.D (natural accidents)
(Accident) | 53 | »£.» evhahA (accident protection)
54 | 790£75 A1C#E (Mining and energy)
55 | M enE K. 7TC T ¢-£0 (micro-enterprise)
56 | 07715 K.1(0-¢710 (Banking and insurance)
DG, 57 | 771£: (Trade and commercial)
(Economy) 58 | mPag eh.ng ey, 0L 11 (GDP)
59 | 0CA G PA“?-T -HNC (Development and Aid cooperation)
60 | A.7a0Tav7- 1 (investment)
61 | PNCTST 1nC AT (Agriculture and rural development)
62 | ool P AT (basic infrastructures)
63 | Pa.? 71T A“?-1- (Water resources)
64 | PA.750 ¢ AT (Industry devp't)
65 | AAY° APGST AVNE-P 7 P% (international and continental
activities)
V7T 66 | N-NC-F1-T (terrorism )
aNANLT | 67 | 4TA770.0P 777171 (diplomatic relations)
L7l 68 | I LlP AAMSTST “104 (Militerial Trainig and status)
(relation, 69 | @JLe-P FOAD (militarilial missions)
Defence

70

PUIC LV71 G A-hAPT-T (National security)
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and 71 | P VTS @, L LT (Foreign relations)
security) 72 | bTS ALAET (citizenship and e/immigration)
73 | 29°04-0.G avAQ9° A0S LC (democracy and good
governance)
7 ath 74 | Alch &P 7700 (national politics)
10 | (politics) 75 | 9°Cn. (election)
76 | AA9°G avl 2 9-1 (peace & stabilization)
77 | A NARS 29°06-0 P oo (human & d/rights)
78 | @.L LA @A PTG APE (discussions, decisions and
proclamations)
79 | AAY® A e 7" a4 (international politics)
80 | P A-I:h fi-ew T (political delegation)
81 |7 aqkh I CE2H (political parties)
Pahan, 82 | NCYT 111G av-P-I- avglr,av(; (Desert)
N ELY 83 | &7 A“I-T (forest development)
11 | earc 84 | ¢8.C 0704 T (. (wild animal protection)
20 85 | eahN. -NaA-T (environmental pollution)
(Weather | 86 | pafc 17701 (weather forecasting)
& Env'tal
preservatio
n)
87 | QAP vnY°S (traditional )
88 | N4 vny~S (Disease treatment)
89 | 77 evhAhA\ (Diseas protection)
90 | AT 1N J-2F (other diseases)
12 | me 91 | oo &Y AT h,?.'li.ib}"-'f' (Drugs and Pharmatituicals)
(Health) 92 | w05 AT AL 0, (Malaria, TB & HIV)
93 | Pm.G AAI° L 2T (health professionals)

94

PG P79t 1703 (health center development)

95

PG RIA10-1T (health services)

96

Ph5 15 05T MG (children’s and maternity health)

97

Phng°G ool P P (Medical materials)

103




Appendix5: The hierarchical leveled data used for the sagbociated with their unique codes

Level-1 | Code | Level-2 Code | Level-3 Code| No.
of
dcts
Tourism Religious & national holidays | 1.1.1 10¢
and Religion and 1.1 __
Culture Holiday Religious conferences and 1.1.2| 10t
1 forums
1.2 | Arts 1.2.1 79
Tourism Heritages 1.2.2 1iC
Attractions and History 123 79
Development
Nations and Nationalities of | 1.2.4| 84
Peoples
Tourism Development 1.2p 91
Tourists 1.2.6 92
Econom Agricultural Farming 2.1.1 157
y and rural 2.1
development Forestry 21.2 35
Pasturalism 2.1.3 41
Basic Infrastructures 2.21 92
2 Basic .
Developments| 2.2 Development Aid and Co- 222 51
and co- operations
Trade and industry 224 34
Water resources developmen 2.2.524
2.3 | Banking and insurance 2.3.132
Investment and .
finance Investment 2.3.2 43
Micro-enterprises 238 25
Educatio Education coverage 3.1{1 87
n
Education 3.1 | Education communication 3.1.2| 26
Expansion and systems
Development Educational institution 3.1.3] 15¢
development
3 Educational materials 3.1/4 31
Free educational scholarship 3.1.523
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Distance and continuing 3.21| 29
education
Higher institutions 3.22 19
Formal 3.2 : _
Education Kindergarten 3.2.3 27z
Primary school 3.24 35
Secondary school 3.2/5 67
Technical and vocational 3.2.6| 37
education
Women'’s education 327 71
Informal 3.3 | Informal school 3.3.1 19
education
Children’s’ & Maternity Health 4.1.1| 34
Disease . -
Prevention & 41 Disease Prevention and 41.2| 13t
Treatment Treatment
Malaria, TB &HIV-AIDS 41.3| 64
Other Diseases 414 18
Drugs & Drugs & Heroines 42.1 30
Health Pharmatituicals 4.2 _
Traditional Treatment 42.p 17
Health Center Development 4.3.115C
Health i
Development 4.3 Health Professionals 43|12 17
Health Services 4383 90
Medical Devices & Materials 434 14
Law and 5.1 | Constitution 5.1.1 62
justice Constitutional : i
Affairs Justical and legal bodies 5.1.2 66
Nations and Nationalities of | 5.1.3| 81
justice
Corruption 5.2.1] 131
Crime affairs 5.2 i
Genocide 5.2.2 38
Other crime affairs 5.2.3 11z
Conferences ,discussions, 6.1.1| 297
decisions and proclamations
National Democracy , good governance6.1.2| 21
Politics and Development
Politics Election 6.1.3] 48
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Poetical party 6.2.1 154
International _ : :
Politics Political Delegation 6.2.2 15¢
6.2 | Foreign Relation 6.2.3 10z
Human and democratic rights 6.2.440
Peace, security and 6.2.5| 30
stabilization
Social Gender 7.1.1 14
Civil and 7.1 | Impaired and disabled persons ~ 7.1.234
gender affairs Kids and youths affairs 7.13 10t
Unemployment and 714 79
entrepreneurship
Women's Affairs 7.1.5 10z
7.2 | Employee and Worker 7.2{1 43
Civil laws : :
Marriage and devorce affairs 7.2214
7.3 | ‘Ildir 7.3.1| 52
Social Aid and Older persons 7.3 14
Co-operations Professional and public 7.3.3] 13t
corporations
Social Aid 7.3.4) 104
Sport Athletics 8.1.1| 194
8.1 i
Modern Sport Boxing 8.1.2| 18
Football 8.1.3 33
Others 8.1.4 15
8.2 | Horse Riding 8.2.1 15
Traditional R—
sport Swimming 8.2.2 17
Others 8.2.3 14
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Appendix6: Lists of affixes removed from the token

Prefixes Suffixes

a 4 A
oG —

na hFTTP

n T
- m,

ne ¥

Y v DI Fan

ATer k) P

Af A PRRUNTY
A =

h - o7

L AT =

mEeP o R PITY

¢ X P

Appendix 7: lists of special words which should co-occur vatiother word to have meaning in
a concept

- ho-L - het
- 0t - Al

- Y - hdaw
- N I\
- 1%A - AN

- DeA - PR

- AL - Ml

- goLd - Paw
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