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The sample size were 90 households and 467 ol .. plot/parcels or the total ccrrif ed farmers in the 

selected kebelc wa; selected for the srudy kcbckx A questionnaire in several sections was developed 10 

address rnam issues concerning farm tragmenraticn anc lann consolidation. Tho general objec1ive of 

the study was to assess how the ag,riculturnl land is frngmcn.cd and its implications towards land 

consolidation practice in case of Alaje wcreda of Tip.ray Region co map the level of land 

fragmentatio11 using GIS tools to determine the causes & indicators of land fragmentation in case of 

Alaje wereda .Thc analytical tests was also in many places be supported by descriptive statistics {such 

as computation of pcrccuiages of single variables, .he median and average outcomes) and prominent 

views gained during focus group discussions. TI1c !ale>! SPSS version tO. I statistical software. had he 

user! for analysis, Al1c1 the interpretation of tile research, vuluublc recommendations ar.d conclusio.is 

or the paper was .coined and correlation techniques \VHS used to analyses by descriptive statistics 

analyses is signif icant at Simpson index. The results Fro111 descriptive analysis were indicate more 

JJCOl)ie are currently in support of lan<l consolidation measures a solution land fragmentation . It is 

also recommended that government lutervention in land adminisuauon is of crucial importance to 

improve. 

By anaJy7:ing the real dynamics of implementation. the views of local offic ials and 

perspectives cf farmers on land consolidation, the paper has established that the land 

consolidation process in plot exchange was implemented in a quite comprehensive and 

transparent way. The pol icy framework and arrangements a ppcar In reduce the degree and the 

scope of mismanagement .It can he argued that the policy is u mixture of top-down and 

bottom· up approaches. 

ABSTHACT 

Land fragmentation is the division of a single farm into several separate distinct parcels 

(BENTLEY, 1987). elaborated land fragmentation as "a division of land into small farms." 

land holdings can increase transport costs. If the plots are located far from the home and far 

from each other plots there is a waste of time tor the workers spent on travelling in-between 

the plots and the home. Management, supervision and securing of scattered plots can also be 

more diffi cult time consuming and costly. Small and scattered plots waste land area and 

require more land for fencing, border constructions and paths and roads. Land fragmentation 

might also increase the risk of' disputes between neighbors. Land consolidation generally 

regarded as being a suitable instrument to solve land frugmenratiou 
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CHAPTER ONE 

INTRODUCTION  

Nowadays, the volume of the Amharic digital document has increased rapidly. Due to this, an 

interest of filtering, finding and organizing of this resource are growing up. Automatic text 

classification plays a great role for flexible and dynamic management of information. 

Advancement in information come up with the issue of generating, storing, retrieving, printing 

and form publishing of individual documents faster and simpler than ever before [1]. Text 

classification is one of the natural language processing (NLP) problem [2]. In the context of this 

document, we use classification and categorization interchangeably.  

Different researches were conducted to build an Amharic document classifier.  However, the 

computational complexity increase as the number of categories increases. In parallel the 

classification accuracy, decrease with a higher rate as the number of categories. Therefore, the 

main aim of this study is to explore a new dimension reduction scheme that reduces the 

computational time as the number of categories increases without trading-off the classification 

accuracy.  

1.1 Background  

There are two basic approaches of document classification [3]. These are concept or semantic 

based and keyword based. For this study, we follow the keyword-based classification because of 

documents in this type of classification are represented as a document-term matrix. While 

concept based classification depends on knowledge extraction [4]. On the other hand, documents 

can be classified to its predefined classes in two ways [5]. One is according to their subject 

matter, and the other is based on their attributes like authors, year, document types etc. for this 

research, we used classification according to the subject matter, which gives weights to a 

particular document to determine its category. Automatic text classification tasks can be done in 

three different manners such as supervised, semi-supervised and unsupervised. In supervised 

approach, experts in the area label or determine class of the data.  Since we have labeled dataset, 

we use supervised learning scheme. 

Document classification can be done in five basic stages [6]. These are document pre-processing, 

document representation, dimension reduction, feature weighting and classification. Punctuation 
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marks, characters, and abbreviations are normalized in addition to numbers and stop-words being 

eliminated at the preprocessing stage. In addition to this, stemming is applied to change inflected 

and derived words to their stem. Stemming is very important for dimensionality reduction, 

especially for morphologically rich languages like Amharic [7]. Important terms of documents 

are known at document representation stage, which is Bag-of-Words (BOWs). Then the 

dimension reduction is applied to select terms that are important for classification, and their 

weight is assigned at term weighting stage. Finally, classification is performed through 

supervised learning. 

The basis for document classification is transforming each documents to feature vector [8]. This 

brings the issue of what and how many terms are used to represent a document. These questions 

lead to the concept of feature selection and dimension reductions.  The main aim of Feature 

Selection (FS) is to improve classification accuracy and computational resource efficiency by 

eliminating irrelevant and nosy features [9]. Features can be selected either using filters or a 

wrapper method [10]. In filter approach, features are selected based on their relevance with 

feature scoring metrics such as document frequency (DF), information gain (IG), X-square (X2), 

term strength and so on. While, wrapper approach selects a feature subset �E�\�� �X�V�L�Q�J�� �F�O�D�V�V�L�I�L�H�U�¶�V��

accuracy as a guiding criterion [11].  The filter approach misses the interaction among features. 

However, it is the most widely used feature selection techniques due to its fast, scalable with 

high dimensional data, better generality and less complex computationally than the wrapper. Due 

to this, we use the filter approach to select important terms for the classification. 

While building a machine-learning model for text classification, there might be a large number 

of features and most of the existing machine learning algorithms are not designed to work for 

larger number of features [6]. Because of this, dimensionality reduction is highly required in 

document classification. However, it is one of the most challenging tasks in document 

classification. It is used to decrease the computational resources, storage required to process and 

analyze features and to avoid underfitting or overfitting [12].  

Several researches were done on Amharic document classification. The major aim of these 

studies were to develop an Amharic document classifier with different machine learning 

techniques and measure the performance of the classifier.  To the best of the researcher 

knowledge all Amharic document classifiers developed previously uses single dimension 
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reduction method to reduce feature spaces. Nevertheless, it is not possible to take different 

subsets of features of a document at the same time using a single dimension reduction technique 

[13]. However, the hybrid dimension reduction was proposed for other languages such as 

English, Arabic etc.  Alghamdi [14]  propose a dimensionality reduction by using three filter 

techniques to select important features and merge the feature subsets using union operation. 

However, feature combination with union operation results in an increase in the number of 

features for large dataset, which leads to high computational complexity [15]. 

Nguyen Tri Hai [16] designed a hybrid dimension reduction by using filters and wrapper feature 

selection methods together for English text classification. The authors used information gain, 

mutual information, X-squared, Document frequency, and genetic algorithm (GA) to optimize 

the result selected by the four filter techniques. Nevertheless, the computational cost of the 

system was very high. On the other hand, the hybrid dimension reduction scheme was designed 

by integrating filter and wrapper methods [17]. They used greedy selection to optimize features 

size. Still the computational time is too high, since the greedy selection optimizes feature size by 

trying the impact of every possible combination of terms on classifier accuracy and the result is 

biased towards the learning method [17]. Generally, feature selection with wrapper methods 

result a time complexity of 2n where n is the number of features, which is very difficult to apply 

over large dataset [10]. 

1.2 Statement of the problem  

Amharic is a Semitic language and the working language of Ethiopia (�™�p�Û���Ø) [18]. The 

majority of the 25 million or so speakers of Amharic can be found in Ethiopia, but there are also 

speakers in a number of other countries, particularly Eritrea (�›�0 �p�.), Canada, the USA and 

Sweden [19]. Currently, huge amount of Amharic documents is available online. Manual 

classification of those documents requires demanding labor force and cost are wasted. Due to 

this, automatic document categorization is highly required. In addition, automatic document 

classification has a significant role in many application areas such as email spam filtering, 

indexing electronic documents, online tendering etc. [20]. 

Even though many works have been done to develop an Amharic document classifier, they are 

mainly focused on using different classification methods to increase the performance [21, 22, 23, 

24, 25]. However, the classification accuracy degrades and computational time increase as the 
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Therefore, the aim of this study is to explore and design a dimensionality reduction scheme for 

Amharic document classification to reduce the computational complexity without affecting the 

classification accuracy. 

At the end, the current study attempt to explore and answer the following research questions. 

�9 How to design a hybrid dimension reduction for Amharic document classification? 

�9 To what extent the designed scheme reduces the dimension of the feature space without 

trading-off the classification accuracy? 

1.3 Objective of the study  

1.3.1 General objective  
The general objective of this study is to design a dimension reduction scheme for Amharic news 

document classification by integrating feature selection with feature extraction so as to improve 

computational time without affecting the classification accuracy. 

  1.3.2 Specific Objectives  
To reach to the general objective of this study, the following specific objectives are formulated. 

�9 To pre-process news documents so as to make them suitable to the classifier. 

�9 To build a classifier for Amharic news document classification using training dataset. 

�9 To build a prototype based on the designed model. 

�9 To evaluate the performance of the new dimensionality reduction system using 

effectiveness measures. 

1.4 Methodology 

The research methodology is a procedure by which researchers go about their work for 

describing, explaining and predicting phenomena occurring in their research [29].  

1.4.1. Research Design  
In this thesis, we follow the experimental research method. Experimental methods are used to 

comprise the set of skills and techniques for minimizing error in acquiring and communicating 

measurements [30]. In this study, we used the experimental research method suggested by M. 

Ross [31], such as identify the research problem, conduct a literature search, state the research 
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Methods in the study includes subjects, materials and data collection instruments and procedures 

[30]. The new dimensionality reduction scheme is clearly determined by defining each step such 

as pre-processing, document representation, dimension reduction, feature weighting and 

classification of automatic Amharic document classification. Then the network model goes with 

our data set is determined by the input features and output classes. Software tools such as 

NetBeans 8.1 and Python 3 are used. NetBeans 8.1 is used since it supports new Java features 

such as the collection framework (to implement List, Set and Map collection interfaces), for each 

looping etc. Java programming language is used to code the pre-processing, feature selection and 

merging. Java is used since it is very easy to create graphical user interface and visualizing data 

on them. Python is used to perform the coding of feature selection and classification, since it is 

very easy to access mathematical libraries in Python.  Python programming is used to access 

Scikit learn which is a free and open source library written in Python to make numeric 

calculation, classification, feature extraction easily. A total of 2667 Amharic news document is 

collected manually from 13 major news categories such as Economy, Education, Agriculture, 

Health etc. to train and test the developed model.  

The developed dimension reduction scheme is examined by giving the file path of each news 

category to the Java program that performs all the pre-processing and it generates the document-

term matrix in excel format. Afterward, we read the excel file generated by the Java program in 

the Python code of the Spider Python IDE on which we apply PCA to further dimensionality 

reduction. Next, the dimensionally reduced excel file is divided into training and testing in a 

random fashion with Python code. The training dataset is used for constructing the network 

model and save the model. Finally, measure the performance of the model with the testing 

dataset.  

1.4.7. Determine data analysis techniques  

Interpret the results in the light of the experimental conditions and research questions. The result 

produced with the hybrid dimension reduction proposed in this study is tested with testing 

dataset collected from the website of the Ethiopian News Agency (ENA), Fana broadcasting 

corporation, Amhara mass media and Walta information center manually like that of the training 

dataset. After performing all the pre-processing tasks, we used 20% of the total dataset (2667 

news) which is 535 news document to test the classifier. The effectiveness of document 
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returned by search engines, topic detection, browsing of large document collections, online 

tendering system, creating a hierarchy of web documents and other classification based 

applications for a better performance. In addition, it opens a door for researchers to extend it and 

come up with a better result. 

1.7 Organization of the Thesis  

This thesis has five chapters. The first chapter describes about the introduction of the thesis. 

Chapter two gives a brief description about the background of this thesis by concentrating on 

components of text classification processes in case of Amharic language. The research design 

and methodologies are presented in chapter three. The process of experimentation, experimental 

settings, evaluation and discussion of the result is presented in chapter four. Finally, Chapter five 

presents the conclusion, contribution of the thesis and the suggested future works 
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CHAPTER TWO 

LIT ERATURE REVIEW  

2.1 Overview   

Text classification is one of the important tasks in text mining and classifying a given document 

to specific and predefined category. This chapter presents the processes in document 

classification such as document pre-processing, document representation, dimension reduction, 

feature weighting and classification. Major emphasis is given to dimension reduction, since not 

all the features might have equal importance and save the computational costs and increase 

classification accuracy by eliminating irrelevant features from the feature set. 

2.2 Automatic Document categorization  

Automatic document categorization is vital for the availability of huge amounts of information 

on World Wide Web [26]. Currently, huge amount of Amharic documents is available online. 

Manual classification of those documents requires demanding labor force and cost are wasted. 

Due to this, automatic document categorization is highly required. In addition, automatic 

document classification has a significant role in many application areas such as email spam 

filtering, indexing electronic documents, online tendering etc. [20]. Before the use of machine 

learning approaches for document categorization, Knowledge Engineering was used to 

categorize documents [33]. Knowledge Engineering uses an inductive rule encoded by experts to 

classify documents to their defined category [9]. Whereas machine learning approach builds a 

text classifier by learning from features of documents [9]. Therefore, this study follows the 

machine learning approach. 

2.2.1 Types of document classification  
There are different types of document categorizations. Here below we show such categorization 
types. 

I. Flat and Hierarchical classification 

Generally, document classification can be divided into two categories, flat and hierarchical 

classification.  The flat document classification does not consider sub-titles exist in the main 

document [9]. It is very difficult to search through categories if the number of documents in that 

category is massive, whereas, hierarchical classification is created to solve some of the problem 

of flat classification. Hierarchical classification constructs, the relation between documents that 
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Amharic language [35, 36]. Table 2.1 presents list of Amharic characters having the same 

meaning and sound with different notations. 

 Table 2.1 Forms of Amharic characters with similar sound 
List Amharic Character having the same sound   

�� �D �{ �C ���C�� �C �~�C��  

�#�D �3 

�— �D �¾�C�š �C �Á 

�� �D �' 

�ú �D �û 

� �̧D �¼ 

 

2.3.2 Compound words  
The other challenge in Amharic language is writing of compound words. There is no standard 

way to write Amharic compound words. Space or hyphen is used to separate Amharic compound 

words [4]. In some cases, compound words can be written by merging all the words together. 

There is a meaning difference when terms of compound words are separated with space and 

treated separately. For example, the word �
�Ü-� 3 � 0 ���µ�W�R�O�H�U�D�Q�W�¶���� �I�R�U�P�H�G from the words �
�á 

�P�H�D�Q�L�Q�J�� �µ�V�W�R�P�D�F�K�¶�� �D�Q�G��� 3 � 0 �P�H�D�Q�L�Q�J�� �µ�Z�L�G�H�¶���� �$�Q�R�W�K�H�U�� �H�[�D�P�S�O�H�� �³�E�H�G�U�R�R�P�´�� �F�D�Q�� �E�H�� �Z�U�L�W�W�H�Q��

�³���” �n�_�p�´���D�Q�G���³���” �n  �_�p�´���Z�K�L�F�K���L�V���G�L�I�I�H�U�H�Q�W����One can imagine how the meaning of the original 

word is abstracted to different contexts because of the word separator [35]. In this research, we 

develop an algorithm to handle this problem. 

 2.3.3 Spelling variation  
The same word can be written with different spellings [24, 35]�����)�R�U���H�[�D�P�S�O�H���W�K�H���Z�R�U�G���³�V�H�P�W�R�D�O�´��

�Z�K�L�F�K�� �P�H�D�Q�V�� �³�K�H�� �K�D�V�� �K�H�D�U�G�´�� �P�D�\�� �E�H�� �Z�U�L�W�W�H�Q�� �D�V���³�3 � �r�� �´����́3 � �p�º���´�� �D�Q�G�� �³�3 � �q�— ���´��which 

increases the dimensionality of the feature space. The other problem in the Amharic writing 

system is the same concept or object is expressed with different words.  For example, the entity 

�³country�´�� �F�D�Q�� �E�H��expressed with the word �³�� �ô �0�´�� �R�U�� �³�— �ô �0�´����Such kind of inconsistence also 

increases the feature space for classification. To handle this, we prepare a table for some of 
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Figure 2.1 Architecture of Amharic document pre-processing, adopted from [4] 

2.4.1.1 Tokenization  
Tokenization is the process of identification of all the individual words of a document. In 

Amharic, punctuation marks and spaces are used to indicate the beginning and ending of tokens 

[37].  Tokens can be defined as the last cho�S�S�L�Q�J�� �S�L�H�F�H�V�¶�� �R�I�� �G�R�F�X�P�H�Q�W�� �X�Q�L�W. Tokenization split 

documents into its last pieces (tokens); at the same time, it eliminates characters like punctuation 

marks. Terms in Amharic documents are identified by Amharic word separators such as single 

space, netela serez (�C), hullet netb (:), dirb serez (�D), arat netb (� A � A), carriage return, line feed, 

tab, etc., [4].  For example, �[ �¼�á�á�, 12 �Ë �•�x�Š �8 � �Œ �p �Õ �Ÿ�k�� �— �8 �k�ß�Ü�1�x�Œ �Õ �·�Ÿ�� �8 �<�0 �k�•�x 

�k�6 �p�.�º���A �A can be tokenized using space as token separator and use each token in the next step 

of document pre-processing. 

Table 2.2 Example of Amharic document tokenization 
�[ �¼�á�á�, 12 �Ë �•�x�Š �8 � �Œ �p �Õ �Ÿ�k�� �— �8 �k�ß�Ü�1�x�Œ �Õ �·�Ÿ�� �8 �<�0 �k�•�x �k�6 �p�.�º�� 

2.4.3 Normalization 
In the Amharic writing system, there are different characters with the same sound, which are 

called homophones. For instance, �3 and �#; �� , �� , �« and �{; ��  and �'  and so on are Amharic 

alphabet consonants having the same meaning and sound. To avoid the unnecessary 

representation of a given word in different forms normalization is required. Normalization helps 

to identify keywords in a document. For example, it is common that the character �� , ��  and �{ are 

used interchangeably as �� �Ú���C ���Ú���C �{ �Ú�� �W�R�� �P�H�D�Q�� �³�S�R�Z�H�U�´���� �7�K�H�U�H�I�R�U�H���� �L�Q this study, we 

handled such type of inconsistency in writing of words by replacing characters of the same sound 

into one canonical form. The following table shows normalization of Amharic characters having 

the same sound with different symbolic representation. 
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2.4.5 Stemming  
Stemming is the process of reducing inflated or derived words into their stem or citation form 

[2]. The basic assumption behind stemming is that words that have the same stem are 

semantically related [38]. In most cases, morphological variants of Amharic words have the 

same interpretation in information processing tasks. Amharic is one of the morphological rich 

Semitic languages. Due to this, a word can have different inflectional or derivational variant. In 

text classification, different forms of the same word cannot be taken as a unique feature; instead 

weighting them by one of term weighting computation techniques. Stemming helps us to reduce 

morphological variant words to their root and reduce the dimension of the feature space for 

processing. For example, �_�p �³�+�R�X�V�H�´�� ���_�l, �_�q�x, �_�n�x�Œ, �_�q�v�x�Œ, �_�n�s�¼, �_�q�v�s�¼) into their 

stem word �_�p [4]. 

2.5 Document representation  

After extracting distinct terms of documents by the pre-processing stage, the next step is 

representing features in appropriate format for automatic processing. Document representation is 

concerned about how textual documents should be represented for different tasks like text 

classification, information retrieval, knowledge discovery and text mining [39]. The most 

currently used methods of document representation are Vector Space Model (VSM), 

Probabilistic Topic Model and Statistical Language Model.  

2.5.1 Word-based Representation  
This is the simplest method of document representation by converting them into vector of words, 

which is known as bag-of-word (BOW) [40]. BOW representation ignores syntactic structure 

and semantic dependency among terms. It assumes terms are mutually independent and order of 

the terms does not have an effect on the representation of documents [41]. The BOW is denoted 

with Vector Space Model (VSM). In this type of document representation documents are 

represented as a vector in n-dimensional space, where n is the number of unique terms selected 

as informative from the corpus [39]. The weight of each term can be calculated by one of term 

weighting schemes like Boolean value, TF, IDF or TF*IDF. In VSM document, Di can be 

represented as [Wi1, Wi2 ...Wij ...Win] where Wij is the weight computed by one of the above 

weighting scheme's value of the jth term in the n-dimensional vector space. Despite of the 

disadvantage of BOW stated above it is still the dominant document representation technique 
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2.6.1 Feature selection 
Feature selection (FS) is the process of choosing a small subset of relevant features from the 

original features by removing irrelevant, redundant or noisy features [43]. FS is very important in 

pattern recognition and classification, because of the existing learning algorithms are not 

designed to deal with higher dimensional feature space. Feature selection usually leads to better 

learning accuracy, lower the computational cost and better model interpretability [6]. Based on 

searching strategies feature selection can be divided into three methods; filter method, wrapper 

method and embedded method [13].  

2.6.1.1 Filter methods  
The filter method selects the most discriminating features using one of the feature scoring 

metrics [13]. Filter methods do not depend on the classification algorithm rather it focused on 

evaluating the importance of features in the classification process. Only features with high score 

are taken, while features with low scores are considered as irrelevant for the classification 

process and discarded [15]. Filter method is widely used in document categorization area where 

features are selected with feature scoring metrics like DF, IG, X2, correlation coefficient and 

term strength (TS) [44]. The filter method is used in this study, since the wrapper and embedded 

methods are not feasible for large feature size, biased to learning algorithm and computationally 

expensive [13, 6].  There is no a feature scoring metric that performs constantly better than all 

other scoring metrics. However, combined use of two or more metrics is important in order to fill 

the drawback of one metric with the strength of others [45].  

Several researches have been conducted to evaluate the performance of different feature scoring 

metrics. Studies [46, 47] compared the performance of IG, DF, X2, Mutual information (MI) and 

TS. They obtain best performance with IG, DF, and X2 test feature scoring metrics. Due to this, 

we use IG, X2 and DF as feature scoring metric to select the most informative terms. The 

description of feature selection methods used in this study are presented as follows.  

Information gain  

Information gain is used to know term goodness in machine learning [10]. It measures the bit of 

information obtained for categories by knowing the presence or absence of a given term in a 

document. In other word information gain measure for finding the worthiness of features for 

classification and the IG of a term t can be calculated as follows [48].  
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                   -------- (2.1) 

Where m is the number of categories, P(Ci) is the probability of the ith category, P(t)and P(¬t) are 

the probabilities of presence and absence of term t, and P(���‹���–)  and P(���‹��
S�–) the probability of 

Ci with the presence or absence of term t respectively. The calculation of information gain of a 

term can be illustrated with the example given below in Table 2.4. 

Table 2.4 Sample documents to show IG calculation for a term 

DocID Document  Category  

1 Ethiopia Addis Adama Ethiopia 

2 Beijing China Tokyo Addis China  

 

Based on the above table 2.4, the information gain of the term �³Addis�  ́ can be calculated as 

follows 

IG (Addis) =-P (Ethiopia) log P (Ethiopia) -P (China) log P (China) + P (Addis) *  P  

(Ethiopia|Addis) log P (Ethiopia|Addis) + P (Addis) * P (China|Addis) log P 

(China|Addis) + P (¬Addis) *P (Ethiopia|¬Addis) log P (Ethiopia|¬Addis) + P (¬Addis) 

*P (China|¬Addis) log P (China|¬Addis).   

A term that appears in more than one categories can have different IG scores within those 

categories. This means IG score of a term t is determined locally under each categories. 

X2-Square test 

The chi - square test is a statistical technique used to measure the level of independence of two 

events. In our case, the independence level is between classes and features. We use X-square test 

to check whether a specific feature and a specific class are independent or not [49]. If the two are 

dependent, then we can use that feature to predict the occurrence of the class. The higher value 

of the X - square score indicates the more likelihood the feature is correlated with the class. At 

this time, it should be taken in the feature selection. The mathematical formula is stated as 

follows. Suppose we have a training data set, belongs to positive and negative classes. To 

calculate the X2 score for feature Y, we build the following table 2.5 for the four numbers. 
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2.6.2.1 Principal Component Analysis  
�³�3�&�$ is used to reduce the dimensionality of the data set consisting of a large number of 

interrelated variables, while retaining as much as possible �W�K�H���Y�D�U�L�D�W�L�R�Q���S�U�H�V�H�Q�W���L�Q���W�K�H���G�D�W�D���V�H�W�´����

PCA is used to reduce the dimensionality of large data set, by transforming a large set of 

variables to a small set that still contains most of the information of the large set. The basic idea 

behind the PCA is reduce the number of variables in the data set by preserving information as 

much as possible [54]. The following are the steps used to perform PCA. 

i. Standardization  

Standardization is the initial step of the PCA, which standardize the range of continuous initial 

variables to make all variables, contributes equally to the analysis . Standardizing the variables is 

critical to PCA because of the latter is sensitive to variations of the initial variables. 

 Mathematically [55],        

�V
L
�t�_�j�s�c�?�k�c�_�l

�q�r�_�l�b�_�p�b���b�c�t�g�_�r�g�m�l
--------------------------- (2.9) 

ii. Covariance Computation  

This step of PCA used to measure how the variables of the input data set vary from the mean 

with respect to each other. In other words, it helps us to see the existence of relationship 

among them. Sometimes variables are highly correlated in such a way that they contain 

redundant information. Therefore, to detect or identify this correlation we need to compute 

the covariance matrix. The covariance matrix is NxN where N is the dimension of the data 

set and has entries of covariance associated with all possible pairs of the initial variables. For 

example, for a 2-dimensional data set with two variables of x and y the covariance matrix is 

2x2 matrix of this form:   

   
�?�K�R�:�T�á�T�; �?�K�R�:�T�á�U�;
�?�K�R�:�U�á�T�; �?�K�R�:�U�á�U�;

 

Since the covariance of a variable with itself is the variance of it; cov(x, x) = var(x), the main 

diagonal is the variance of initial variable and since covariance is commutative where cov(x, y) = 

cov(y, x), then the entire covariance matrix is symmetric with the main diagonal, which mean the 
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upper and lower triangular portion are equal. Finally, the sign of the covariance shows the 

following two types of relation of the initial variables [55]. 

i. If it is positive: then the two variables are increasing or decreasing together 

(correlated) 

ii.  If it is negative: the one variable increase when the other decreases (uncorrelated) 

Covariance matrix did not give any information above showing the correlation between all 

possible pairs of variables. 

iii.  Computing the eigenvector and eigenvalues for the covariance matrix 

Eigenvector and eigenvalue are used to compute the Principal component of the above 

covariance matrix. Principal components are new variables constructed as a linear combination 

of the initial variables [55]. The combination is done in such a way that the new variables or 

principal components are interrelated and most of the information about the initial variables are 

compressed on to the first principal component. The main idea behind this is five dimensional 

data gives you five principal components, as shown in Figure 2.4. Nevertheless, PCA puts the 

maximum possible information on the first component, maximum remaining on the second and 

so on. 

 

Figure 2.4 Percentage of information by Principal Components [55] 
 

As shown on the above graph we can reduce the dimension by discarding components with law 

information and considering the remaining component as the new variable. Principal component 

represents the direction of the data that explain maximum amount variance. This can be achieved 

through eigenvector and eigenvalues from the covariance matrix. Eigenvector is the direction of 

axes where there is the most variance (most information). Eigenvalues on the other hand are the 
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coefficient attached with eigenvectors, which gives the amount of variance carried for each 

principal component. By ordering eigenvectors by their order of the eigenvalues from highest to 

lowest, we can get principal component in order of significance. 

iv. Feature vector  

Feature vector is a matrix that has as columns of the eigenvector that we take. This makes the 

first step of dimension reduction, because if we keep only p eigenvector out of n and the final 

dimension is p.  In this study, we use explained variance ratio to know the optimal number of 

components fit in the feature space. 

2.6.2.2 Singular Value Decomposition  
Singular Value Decomposition (SVD) is one of matrix decomposition methods. Formally, if we 

have a data set m*n dimension, there exists SVD for a matrix M in the form [56]. 

       M=U��V 

Where U is m*m �D�� �X�Q�L�W�D�U�\�� �P�D�W�U�L�[���� ��� �� �G�L�D�J�����11���� �12���«�� �1n) is a m*n diagonal matrix with non-

negative real numbers on the diagonal and V is n*n a unitary matrix. The diagonal matrix is the 

singular value M.  In this study, each row represents documents and columns represents features 

selected at feature selection phase. The number written is the TF*IDF value of the feature with 

the respective document. In this thesis, by selecting k-largest singular values, we can project the 

data to k dimension space. The �1i whose i is larger than k are set to zero, and then calculate 

reduced matrix Mk. Then, the data in the matrix Mk are projected into k dimension space. 

2.6.3 Hybrid dimension reduction  
The dimension of feature space can also be reduced using different dimensionality reduction 

techniques at the same time. It can be done using different filter or wrapper methods together at 

the same time. The other one is combined use of feature selection and feature extraction 

methods. In this study, we design a dimensionality reduction technique that uses three different 

filter techniques with one feature extractor. Features or terms in a document can have different 

scores with different feature scoring metrics. 

The evaluation function of FS methods is applied to a single word at a time [57]. All the terms 

are evaluated independently and sorted based on the scoring value of evaluation function. A 

predefined number of best features are taken to produce a better feature subset. While, we use 
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2.7 Feature weighting   

To classify documents a vector representation model is used to map, textual document to vector 

[13]. The importance of terms in the classification is known by their weight. The most widely 

use weighting techniques is Term Frequency, Inverse Document Frequency and Term Frequency 

by Inverse Document Frequency. TF is the number of times a term occurs in a given document. 

It is used to calculate how much the term describing a given document. Mathematically, it can be 

calculated as follows 

�6�(�ç 
L �Ž�‘�‰
�R�s�k�`�c�p���m�d���r�g�k�c�q���r�c�p�k���r���m�a�a�s�p�q���g�l���_���b�m�a�s�k�c�l�r

�X�m�r�_�j���l�s�k�`�c�p���m�d���r�c�p�k�q���g�l���r�f�c���b�m�a�s�k�c�l�r�ß
  ---------------- (2.10) 

The other weighting mechanism is Inverse Document Frequency (IDF) is used to measure the 

importance of a given term in the document collection. According to IDF if a term occurs in 

almost all documents, the relevance of a given term for the classification decreases because the 

term to represent the document becomes less. The IDF is also used to distinguish terms having 

the same frequency. Inverse document frequency is defined mathematically as follows [58]. 

�+�&�(�ç 
L �Ž�‘�‰
�Ç

�½�¿�ß
 --------------------- (2.11) 

Where N is the number of documents in the collection, and DF is the document frequency of the 

term, i.e., the number of documents where term t appears.  The last and the most commonly used 

term weighting scheme is Term Frequency by Inverse Document Frequency (TF*IDF). It is used 

to have the advantage of TF and IDF.  Mathematically, this method of term weighting can be 

formulated as follows. 

�6�(�Û�+�&�(�:�P�á�@�; 
L �6�(�ç�á�× �Û�+�&�(�ç ------------------------------ (2.12) 

Where TF* IDF (t, d) is the term frequency by inverse document frequency, TF (t, d) is the term 

frequency of t in document d and IDF (t) is the inverse document frequency of term t in the 

collection. We used TF*IDF feature weighting since it is the most common feature weighting 

technique as stated by [1, 13, 6, 58]. 

2.8 Classification  

Classification process involves sorting of similar documents to a predefined category. 

Categorization can be done either using a keyword or concept. There are different machine 
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learning techniques used for keyword-based classification such as KNN, Naive Bayes, SVM, 

ANN and Linear Least Squares Models.  

2.8.1 Multilayer Perceptron  
Multilayer Perceptron (MLP) is the most known and most frequently used neural networks. The 

direction of the signal in this network model follows one direction i.e., from input to output [59]. 

The MLP neural network can be built with simple component. It can begin with single input 

neuron and extend to multiple inputs. Next, the stack of these neurons together form layers [60]. 

Finally, cascading those layers together forms MLP network. 

 

Figure 2.5 Architecture of Feedforward multilayer perceptron network [60] 
 

In addition to the processing units (neurons), neural network consists of direct weighted 

connection among neurons. Neurons have activation function that transforms state of the output 

from the previous layer to the next activation state based on the thresholding value [61]. From 

the above figure, the left side is the input layer, which sends the data to the next layer in the 

network. The next layer is called hidden layers. Each processing unit on the hidden layer takes 

the output of the previous layer neurons as input and applies an activation function on it. Based 

on the threshold, the layer sends numeric value to the next layer. This process continues until it  

gets the output layer [59, 60]. 
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Figure 2.6 Multi-unit perceptron [61] 

MLP does not provide an increase in computing power as compared to networks with a single 

layer, if the activation function is linear [59]. The power of MLP comes from the non-linear 

activation function. Finally, the output layer announces the result. 

2.9 Performance metrics 

Accuracy, Precision (P), Recall (R) and F1-score (F-measure) are widely used for the evaluation 

of major text mining tasks [32].   

Accuracy refers to how close a measurement is to the true value. It can be determined by 

dividing the number of correct predictions made by the total number of predictions made. 

Mathematically it is determined as shown below in question 2.14 [25]. 

 A=
�Í�É�>�Í�Ç

�Í�É�>�Í�Ç�>�¿�É�>�¿�Ç
---------------- (2.14) 

Precision is the measure of total correct positive prediction divided by the total number of 

positive predictions. Mathematically, it is computed as shown below in equation 2.15 [26] 

P=
�Í�É

�Í�É�>�¿�É
------------------------ (2.15) 

Recall (R) is a measure of the total number correct positive prediction divided by the total 

number of positive instances. Mathematically, recall is computed as shown below in equation 

2.16 [26]. 

R=
�Í�É

�Í�É�>�¿�Ç
------------------------ (2.16) 

F1-score (F) is the mean of the precision and recall in a way that emphasize the lowest value. 

Mathematically, it is calculated using the formula given in equation 2.17. 
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evaluate performance on selected classifiers. During the study, the author follows two steps to 

perform the classification. One is pre-processing and the other is classification. Under the pre-

processing step the author performs tasks such word identification (feature word selected to 

represent a document), stop word removal, stemming, controlling spelling variation and 

identification of compound words. These processing tools reduce the size of the feature space 

10-30%. Due to the high dimensionality of the feature space, the author uses classifiers, which 

are capable of working over high dimensional features: - decision tree and SVM. 

The author uses the two weak libraries: Logic Model Tree and Library of SVM to evaluate the 

effectiveness of the classifier. The author achieves a result of 79.72% with LMT and 81.15% with 

SVM and the computational cost was too high, since the author did not use any dimension 

reduction method other than the pre-processing tools. Dimension reduction with pre-processing 

is not enough for large data set and not all the terms are not important for the classification. 

Worku [24] conducts research on automatic Amharic news classification using Artificial Neural 

Network (ANN). The author tries to see the potential application of learning vector quantization 

over Amharic document classification.  The author also investigates the effect of increasing the 

number of categories and news items on the classification accuracy by TF and TF*IDF 

weighting schemes. His experiment was conducted with three, six and nine news categories. The 

author uses 1538 Amharic news for nine categories classification.  On average he obtains the 

result of 75.5% and 71.6% by TF and TF*IDF respectively.   

The author uses single dimension reduction technique i.e. DF and manual selection of term 

which are key word for one class and do not catch up with the  defined DF threshold value. For 

example, in his experiment, the word �³�™�p�Û���Ø�  ́(Ethiopia) appears in 46 document of Bank and 

Insurance category and satisfy his DF threshold. However, he manually exclude it and take the 

other �W�H�U�P���³�™�Œ �<�.�Œ �8�  ́(insurance) having a DF value 8 as a key word. Manual identification and 

rearrangement of terms might not make the system automatic. In DF thresholding maximizing 

the DF threshold value, results in a small number of features. However, this might lead to 

underfitting or overfitting.   Minimizing the value of the DF threshold on the other hand, results 

in increasing the size of feature space that causes computational complexity.  
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28% and decreases the computational complexity by 80% from the standard k-means clustering. 

�7�K�H���D�X�W�K�R�U�¶�V���X�V�H�V���X�Q�L�R�Q���I�H�D�W�X�U�H�V���P�H�U�J�L�Q�J���W�H�F�K�Q�L�T�X�H�������+�R�Z�H�Y�H�U����union merging technique results 

increase in the feature space in a larger data set [6]. 

On the other hand, Mena and Habib [63] propose a hybrid approach of feature selection 

technique for Arabic text categorization. The authors use a hybrid of DF thresholding and IG. DF 

is used to remove rare terms and IG is used to get the most informative terms from the remaining 

terms. They conduct an experiment with six categories that contains 1,132 news and 39,468 

words. This technique increases the classification accuracy and decrease number of features. 

However, the authors used the union method to unify the subset of features selected with DF and 

IG. In addition, using feature selection techniques may select features, which are irrelevant for 

the classification. Keeping irrelevant features in the data set results in overfitting and misleading. 

To overcome such kind of problem we used feature extraction for further refinement of 

informative terms selected by the feature selection methods. 

The hybrid dimension reduction was designed for English text clustering. Bharti and Singhs [13] 

design a method of dimension reduction by integrating feature selection with feature extraction.  

They use DF and Term Variance (TV) for feature selection and PCA for feature extraction. After 

the features are selected with DF and TV, they unified the features by intersection and union. 

They use intersection for the 80% least ranked features and union for the rest 20% top ranked 

features. They use global thresholding to select the most representative terms which scores best 

in DF and TV feature scoring metrics. However, in global thresholding the selected features are 

affected by the mostly occurring news category in the document collection [6]. For example, if 

the number of news under Economy is half of the document collection, then the final term 

selected majorly belong to this news category. Such kind of problems is solved by applying each 

thresholding locally within categories. 

2.11. Research gap  

This chapter presents research attempt to develop dimension reduction technique for text 

classification in various languages. The review showed that two major methods are used to 

reduce dimensions of feature space. The first is using single dimension reduction methods and 

the second is using different single dimension reduction methods together (hybrid). Single 

dimension reduction method uses only one aspect of a document to reduce the number of 


























