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CHAPTER ONE

INTRODUCTION
Nowadays, the volume of the Amharic digital document has increased rapidly. Due to this, a
interest of filtering, finding andrganizingof this resourceare growingup. Automatic text
classification plays a greatole for flexible and dynamic management of information.
Advancement irnnformation comeup with the issue ofenerating, storing, retrieving, printing
and form publishing of individual documents faster and simpler than ever Héjor&ext
classification is one of the natural language processing (NLP) prqBlemm the context of this

document, we use classification and categorization interchangeably.

Different researoss were conductedto build an Amharic document classifierHowever, the
computational complexity increase as the number of categories incréaspsarallel the
classificationaccuracy, decreaseith a higher rate as the number of categories. Therefore, the
main aim of this studyis to explore a new dimension reduction scheme that reduces the
computational time as the number of catggs increases withoutadingoff the classification

accuracy.

1.1Background

There are two basiapproache®f document classificatiof8]. These are concept or semantic
based and keyword based. For this study, we follekeywordbased classificatiohecausef
documentsin this type of classification are represented a documentterm matrix While
concept based clsification depends on knowledge extractjdh On the other handiocuments
can beclassified toits predefined classes in two wapg. One is according to their subject
matter, and the othés based on theiattributeslike authors, year, document types.dtr this
research, weusal classification according to the subjettatter which gives weights to a
particular document to determine d@ategory Automatic text classification tasks can bendmn
three different manners such sispervised semisupervised and unsupervised. In supervised
approach, experts in the area label or determine class of theSlate we have labeled dataset,

we use supervised learning scheme.

Document classificationan be done in five basic stagés These are document ppeocessing,

document representation, dimension reduction, feature weighting and classification. Punctuatic



marks, characters, and abbreviations are normalized iticerdcb numbers and stepords being
eliminated at th@reprocessingtage. 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 morphologichl rich languages like Amharif7]. Important terms of documents
are known at document representation stage, which isoB#éprds (BOWSs). Then the
dimension reduction is applied to select terms that are important for clagsificand their
weight is assigned at term weighting stage. Finally, classification is performed througl

supervised learning.

The basidor documentlassificationis transformingeach docurants tofeaturevector[8]. This
brings the issue ofvhat andnow many terms aresedto represent documentThese questions
lead to the concept ofeature selection and dimension reductiorithe main aim ofFeature
Selection ES) is to improve classification accuracy and computationaluresoefficiency by
eliminating irrelevant andnosy features[9]. Features can be selected either udiligrs or a
wrapper method10]. In filter approach features are selectdshsed ontheir rele\ancewith
featurescoringmetrics such aslocument frequencfDF), information gain(IG), X-square(X?),

term strengtrand so on.While, wrapper approackelectsa feature subseE\ XVLQJ FODYV
accuracyas a guiding criteriofill]. The flter approachmisseshe interactiormamongfeatures.
However,it is the most widelyused feature selection techniques due to its fast, scalable with
high dimensional datédetter generality anigéss complex computationalthanthewrappe. Due

to this, we usethe filter approactio select important terms for the classification.

While building a machindearning model for text classification, there might be a large number
of features and most of the existing machine learning algorithmsoaréesigned to work for
larger number of featurg§]. Because of this, dimensionality reduction is highly required in
document classification. However, it is one of the most challenging tasks in documer
classification. It isused to decrease the computational resources, storage required to process ¢
analyze features and to avoid underfitting or overfitfikgj.

Severalresearches werdone on Amharic document classificatiomfhe major aim ofthese
studies were to develop an Amharic document classifiawith different machine learning
technigues and measure the performantehe classifier To the best ofthe researcher

knowledge all Amharic document classifiers develogmdviously uses singledimension



reductionmethod to reduce featursgpaces.Neverthelessit is not possible to take different
subsets of features ofdmcument at the same timisinga single dimension reduction technique
[13]. However, the hybrid dmension reductiorwas proposedfor other languages such as
English, Arabic etc. Alghamdi[14] propose a dimensionality reduction by usthgeefilter
techniquesto select importanfeaturesand merge the featurgulsets usingunion operation.
However, featurecombination with union operatioresuls in anincreasein the number of

features for largedatasetyhichleads to high computationebmplexity[15].

Nguyen Tri Hai[16] designed dybrid dimensionreductionby usingdfilters andwrapperfeature
selection methodsogetherfor English text classificatianThe athors usedinformation gain,
mutual information, X-squared, Document frequency, agenetic algorithm (GAto optimize
the result selected by the four filter techniquRgverthelessthe computational cost of the
system was very higlon the othehand,the hybrid dimension reductioschemewvasdesigned
by integrating filterandwrappermethodg17]. They usd greedy selectioto optimizefeatures
size Still the computational time o high, since the gresty selection optimizefeaturesizeby
trying the impactof every possible combination of terms dassifier accuracgand tre resultis
biasedtowards thelearning method17]. Generally, feature selection with wrapper methods
result a time complexity of"2vhere n is the number ¢éatures, which is very ditult to apply
over large datset[10].

1.2 Statement of the problem
Amharic is a Semitic language and therking language of Ethiopia ™p U) ¢18]. The

majority of the 25 million or so speakers of Amharic can be found in Ethiopighere are also

speakers in a number of other countries, particularly Eritsdd ), Canada, the USA and

Sweden[19]. Currently, huge amount of Amharic documents is available online. Manual
classification of those documents wégs demanding labor force and cost are wasted. Due to
this, automatic document categorization is highly required. In addition, automatic docume!
classification has a significant role in many application areas such as email spam filterin

indexing eleatonic documents, online tendering ¢&0].

Even though many worksalie been done to develap Amharic documentlassifiet they are
mainly focused on usingdifferent classification methado increase the performanf&l, 22, 23,

24, 25] However, theclassification accuracy degradasd computational time increaasthe
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Therefore, the aim of this study is to explore and design a dimensionality reduction schen
Amharic document classification to reduce the computational complexity without affecting

classification accuracy.
At theend,the current study smpt to explore andnsweitthe following research questions.

9 How to desigra hybrid dimensionreductionfor Amharic document classification?
9 To what extent theesignedschemeaeduca the dimension ofhe feature spaogithout

tradingoff the classificatbn accurac$
1.3 Objective of the study

1.3.1 Generalobjective
The general objective of thigudyis to designa dimension reductioschemedor Amharicnews

document classification by integrating feature selection with feature extractias tamprove

computational timavithout affecting the classification accuracy

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

To preprocessiews documestso as tanake thensuitableto the classifier.
To build a classifiefor Amharic news document classification using trairdagaset.
To build a prototype based on tthesignednodel.

© © ©O© ©

To evaluate the performance of thenew dimensionality reduction systemsing

effectiveness measures.

1.4 Methodology
The research methodologg a procedureby which researchers go about their work fo
describing, explaining and predicting phenomeoeurring in their researdR9].

1.4.1 Research Design
In this thesis, wdollow the experimentakesearchmethod Experimental methods aresed to

comprise the set of skills and techniques for minimizing error in acquiring and communics
measurementE30]. In this study,we used the experimentedsearch methoduggested by.
Ross[31], suchasidentify the research problernonduct a literature search, state the resear



Methods in the study includes subjects, materials and data cmll@ssitruments and procedures
[30]. The new dimensionality reduction scheme is clearly deted by defining each step such

as preprocessing, document representation, dimension reduction, feature weighting an
classification of automatic Amharic document classification. Then the network model goes witl
our data set is determined by the inpuatéees 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 feat
such as the collection framework (to implement List, Set and Map collection interfaces), for eac
looping etc. Jaa programming language is used to code thgpreessing, feature selection and
merging. Java is used since it is very easy to create graphical user interface and visualizing d
on them. Python is used to perform the coding of feature selection a&sdicédion, since it is

very easy to access mathematical libraries in Python. Python programming is used to acce
Scikit learn which is a free and open source library written in Python to make numeric
calculation, classification, feature extraction Bagh total of 2667 Amharic news document is
collectedmanuallyfrom 13 major news categories such as Economy, Education, Agriculture,

Health etc. to train and test the developed model.

The developed dimension reduction scheme is examinggivinyg the file path of each news
category to the Java program that performs all theopreessing and it generates the document
term matrix in excel format. Afterward, we read the excel file generated by the Java program i
the Python code of the Spider Python IDEwinich 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 networ
model and save the mddd-inally, 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 conditiongesehrclguestionsThe result
produced with the hybrid dimensioeduction proposed in this study iested withtesting
dataset collected from the website of the Ethiopian News Agency (ENA), Fana broadcastin
corporation, Amhara mass media and Walta information center manually like that of the trainini
datasetAfter paforming all the preprocessing tasksye used 20% of the total dataset (2667
news) which is 535 news document to tds¢ tclassifier The effectiveness of document



returned by search engines, topic detection, browsintarge document collectionnline
tendering system, creating a hierarchify weeb documents and other classification based
applications for a better performante.addition it opensa doorfor researchers to extend it and
come up with a better result

1.7 Organization of the Thesis

This thesis has five chapters. The first cleatescribesabout the introduction of the thesis.
Chaptertwo gives a brief description about the background of thesithby concentrating on
components of text classification processes in case of Amharic languageesearch design
andmethodologiesire presented in chaptiaree The process of experimentation, experimental
settings, evaluatioand discussion of theesult is presented in chapter foEmally, Chapterfive

presents theonclusion, contributionf the thesis and the suggestetlire works



CHAPTER TWO
LIT ERATURE REVIEW

2.10verview

Text classificatioris one of theimportanttasksin text mining and classifyinga given document
to ecific and predefied category This chapter presents thprocessesin document
classifcation such as documepte-processingdocument representatiodimension reductign
feature weightingand classificationMajor emphasis is given to dimension reductisincenot
all the features mighhave equaimportance and saviéhe computationatosts and increase

classificationaccuracy byeliminatingirrelevantfeaturedrom the feature set

2.2 Automatic Document categorization

Automaticdocument categorization is vital for thagailability of huge amountsf information
on World Wide Web[26]. Currently, hugeamountof Amharic documentds availableonline.
Manual classification of those documents requidesnandingabor force and cost are wasted.
Due to this automatic documentcategorizationis highly required.In addition, automatic
document classification has significant rolein many application areas such as email spam
filtering, indexing electronic documents, online tendergtg [20]. Before the use ofmachine
learning approachegor document categorizationKnowledge Engineering was usedto
categorize documenf83]. KnowledgeEngineering usean inductive ruleencoded by experts to
classify documentgo their defined category[9]. Whereas machine learning approach budds
text classifierby learning from featuresf documents[9]. Therefore this study follows the
machine learning approach.

2.2.1 Types oflocumentclassification
There are dferent types of document categorizations. Hezwwe showsuch categorization

types

l. Flat and Hierarchical classification

Generally, document classification can be divideth itwo categories, flat and hieraicél
classification. The flat document ekssificationdoes not considesubtitles exist in the main
documen{9]. It is very difficult to search through categories if the number clidwents in that
category is massivaevhereas hierarchical classificatiois createdo solve some of the problem

of flat classification Hierarchicalclassificationconstructsthe relationbetweendocumentshat
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Ambharic language[35, 36] Table 2.1 presentist of Amharic characters havinghe same

meaning andgound with different notatian

Table 2.1Forms ofAmhariccharacters with similasound
List Amharic Character having the same sound

D{CC C €

#D 3

— DC3.C A

2.3.2 Compound words
The otherchallenge in Amhiac language is writingof compound wordsThere is no standard

way to write Amharic compound words. Space or hyphen is used to separate Amharic compou
words[4]. In some cases, compound words bewritten by merging allthe wordstogether.
There 8 a meaning difference wheéarmsof compound wordsare separatedith space and
treated sepately. For examplethe word U- 3 0 pW R O H U D Qftiff the RiiddsH &

PHDQLQJ pVWRPOIPHOIQD@G pZLGHY $QRWKHU H[DPSOH 3
3"n_p° DQGn _p° ZKLFK LV Qrelddhimagnéd how thmeaning of the original
word is abstractetb different contextbecause of the word separal®5]. In this researchye

develop an algorithm to handle this problem.

2.33 Spelling variation
The same word can be written with different speBif#st, 35] )RU H[DPSOH WWR AR

ZKLFK PHDQV :KH KDV KHDUG& rPDB BH ZDQ & \W-HQwhixlv

increases the dimensionality of the feature spabe. otherproblem inthe Amharic writing
systemis the same concept or object is expressed diifferent words For example, theentity
Tountry” F D Qexprekssedvith theword 2 6 0 R U— % Buch kind of inconsistencalso

increass the feature space for classdtion. To handle thjswve prepare dable for some of
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Figure 2.1 Architectureof Amharic document prprocessingadopted from[4]

2.41.1Tokenization
Tokenization is the process of identification of all the individual words of a docurment.

Ambharic, punctuationmarksand spacesra used to indicate the beginniagd ending of tokens
[37]. Tokens can be defined as the last 8L QJ SLHFHV Y R.IT&enkzatBridpgtw X
documentsnto its lastpieces (tokenskat the same timet, eliminatescharactes like punctuation
marks Termsin Amharic documents are identified Bynharic wordseparatorsuchas single
space netelaserea ( Q, hulletnetb(:), dirb serez D, amt netb( A), Aarriagereturn, line feed,

tab, etc, [4]. For example, [ %444,12 E+xS8 E® Yk—8 kR U I1& @& 8 <0 kx

k6 p.° AcAn be tokenized using spaaetoken separator andeeachtokenin the next step

of document prgrocessing.

Table 2.2 Examplef Amharic document tokenization

[Vsdd, |12 E*xY8 EJO Ykl —8kRBRUILJ O - Y [ 8<0keX k6p.°

2.4.3 Normalization
In the Amharic writing system, there adédferent characters with the samseund,which are

called homophoned~or instance,3and # , , «and {; and' and so onare Amharic

alphabet consonants having the same meaning and .sdundavoid the unnecessary
representation of a given word in different forms normalization is requirecndlization helps
to identify keyvords in a document. For example, it is common that the characteand { are

used interchangeably asU C U C{U WR PHDQ 3SRZHU’ thiglstddy,Hid U H

handled such type of inconsistency in writmfgvords byreplacing characters of the same sound
into one canonical fornThe followingtable showsiormalization of Amharic characters having

the same sound wittlifferent symbak representation.

14



2.4.5 Stemming
Stemming is the process of redugimflated orderived wordsnto their stem or citatiorform

[2]. The basic assumption behind stemming is that wdhddé havethe same stem are
semantically related38]. In most cases, morphologlcaariants of Amharic words have the
same interpretatiom information processing task&mbharic is one of thenorphologicalrich
SemiticlanguagesDue tothis, a wordcanhave different inflectional or derivational variai.
text classification, diffeent formsof the same wordccannotbe taken as uniquefeature; instead
weighting then by one ottermweighing computatiortechniqus. Stemming helps us to reduce
morphological variant words to thiefoot and reduce thdimension of the feature spatar
processingFor example, p3+RXVHI, _qx _nxE qvx,&E ns¥%_qvsyinto their

stem word_ p[4].

2.5Document representation

After extracting distinct terms of documenty the pre-processingstage, the next step is
representing features in appropriate format for automatic processing. Document representation
concerned about how textual documents should be represented for different tasks like te
classification, information retrieval, knowledge discovery and text mifj88]. The most
currently used methods of document representation are Vector Space Model (VSM

Probabilistic Topic Model and Statistical Language Model.

2.5.1 Word-basedRepresentation
This is thesimplestmethod of documentepresentation by converting themto vector of words,

which is known as bagf-word BOW) [40]. BOW representationgnores syntactic structure
andsemantic dependen@mongterms. Itassumes terms are mutually independedtader of

the termsdoes not havan effecton the representation of documed]. The BOW isdenoted
with Vector SpaceModel (VSM). In this type of document representation documents are
represented as a vector irdimensiamal space, where n is the number of unitgrens selected
asinformative from the corpus[39]. The weight of each term can lmalculatedby one of term
weighting schemes like Boolean value, TBDF or TF*IDF. In VSM document, Pcan be
represented as [MV Wi, ..W; ..W,] where W is the weightcomputedby one of the above
weighting scheme'svalue of the jth termin the nrdimensional vector spac®espite of the

disadvantage of BOVgtated above it is still the dominant doamh representation technique
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2.6.1 Feature selection
Featureselection (FS)s the process of choosing a small subset of relevant features from the

original features by removing irrelevant, redundant or noisy feadi8gsFS is very important in
pattern recognition and classification, becawdethe existing learning algorithms are not
designedo deal with highedimensional feature space. Feature selection usually leads to bette
learning acuracy, lower the computational cost and better model interpretdbiit{3ased on
searching strategies feature selection can be dividedhree methodsfilter method, wrapper
method and embedded metHa8].

2.6.1.1Filter methods
The filter method selectsthe mostdiscriminating features using one of the feature scoring

metrics[13]. Filter methodsdo not dependn the classification algorithm rather it focused on
evaluating the importance of features in the classification process. Only features with high sco
are takenwhile features with low scores are considered as irrelevant for the classification
process and discard¢th]. Filter methodis widely used in document categorization area where
features are selected with feature sconinetricslike DF, IG, X?, correlation coefficient and
term strengtiTS) [44]. Thefilter methodis used in this studincethe wrapper and embedded
methods ar@ot feasiblefor large feature sizégiased tdearningalgorithm andcomputationally
expensiveg13, 6]. Thereis no a feature scoring metrithat performs constagtlbetter than &l
otherscoring metricsHowever, combinedseof two or more metrics is important in order to fill

the drawback of one metric with te&ength of otherpl5].

Several researelshavebeen conductetb evaluate the performamof different featte scoring
metrics. Studief46, 47]comparedhe performance of IG, D2, Mutual information (MI) and
TS. They obtain best performance with IG, BRdX? testfeature scoring metric®ue tothis,

we use IG,X? and DF as featurscoring metric to selectthe mostinformative terms. The
description of feature selection methods used in this sttelpresenteds follows.

Information gain

Information gain is used to know term goodness in macharailey[10]. It measures the bit of
information obtained for categories by knowing the presence or absence of a given term in
document. In other word information gain measure for finding the worthiness of features fol

classifcationand the IG of a term t can be calculated as follg\8%.
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Where m is the number ottegoriesP(Ci) is the probability of the' category P(t)and P(-t) are
the probabilities of presee and absence of term t, and P} and P( < S} the probability of
Ci with the presence or absence of terragpectively The calculatiorof informationgain ofa

term carbe illustrated with the exampggvenbelowin Table 2.4

Table 2.4 &nple doaments to showG calculatiorfor aterm

DoclID Document Category
1 Ethiopia Addis Adama Ethiopia
2 Beijing ChinaTokyo Addis China

Basedon the above table 2.4, the information gaihthe term 3Addis” can be alculated as

follows
IG (Addis) =P (Ethiopig) log P (Ethiopig -P (China) log RChing + P (Addis) * P

(Ethiopia|Addis) log P (EthiopialAddi3 + P (Addis) * P (ChinalAddis) log P
(ChinalAddi$ + P (-Addis) *P (Ethiopia|-Addis)log P (Ethiopia|-Addi$ + P (-Addis)
*P (China]-Addis) log P (Cha|-Addis)

A term that appearsin more than one categoriean have different IG scoreswithin those

categoriesThis meandG scoreof a term tis determined locally under each categories.

X2-Squaretest

The chi- square tesis a statistical technigugsed to measure the level of independence of two
events. In our case, the independence levateeen classes and featurd&e usex-squareest

to check whether specific feature and a specific class are independent ¢49jotf the two are
dependentthenwe canuse that featurto predict the occurrence of the class. The higher value
of the X - square scorendicatesthe more likelihood the featurs correlated with the class. At
this time, it should be taken in thes&ture selection. The mathematiéatimula is stated as
follows. Suppose we have a tramg cata set belongs to positive and negative classes. To

calculate thex?score for feature Y, wiuild the following table2.5for the four numbers.
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2.6.2.1Principal Component Analysis
33 & 3s used to reduce the dimensionality of the data set consistirglarge number of

interrdated variableswhile retaining as much as possibWKH YDULDWLRQ SUHVH
PCA is usedto reduce the dimensionalityf large data set, by transformiraylarge setof
variables toa small sethat still contains most dhe informationof the large set. The basic idea
behindthe PCA is reduce the number of variablesthe data set by preserving information as

much as pssible[54]. The following are the steps used to perform PCA.
i. Standardization

Standardizatio is the initial step othe PCA which standardize the range of continuous initial
variables to make all variables, contributes equally to the analgsadardizing the variables is

critical to PCA because of the latter is sensitiveapnationsof the initial variables.

Mathematically[55],

t_jsekc_|

Vi qr_Ib_pah:tg_rg_r_nI

ii. Covariance Computation

This step of PCA used to measure how the viesabf the input data set vainpm the mean
with respect to each other. In othgords, it helps us toseethe existence of relationship
among them. Sometimes variables are highly correlated in such a way thatotitain
redundant information. Therefore, to detect or identify this coroglatie need to compute
the covariance matrixtThe covariance matriis NxN where N is the dimension of the data
set and has entries of covariance associated with all possible pairs of the initial variables. F
example, for a 2limensional dataet with twovariables of x and y the covariance matrix is
2x2 matrix of this form:
? KRar, ? KR4,
?KRAT;, ? KRA
Since the covariance of a variable witkelf is the variance of igov(x, x) =var(x), the main
diagonal is the variae of initial variable and simccovariance is commutative whe®v(x, y) =

cov(y, x), then the entire covariance matrix is symmetric with the main diagonal, which mean th

23



upper and lower triangular portion are equal. Finally, the sign of the covarshioves the

following two typesof relation of the initial variablel$5].

I. If it is positive: then the two variables are increasing or decreasing together
(correlated)

il. If it is negative: thene variable increase when the othecré@ases (uncorrelated)

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

possiblepairsof variables.
iii. Computing the eigenvector and eigenvalues for the covariance matrix

Eigenvector and eigenvalue are used to comphbée Principal componenof the above
covariance matrix. Principal components are new variables constructed as a linear tt@mbina
of the initial variableg55]. The combination is done in such a way that the new variables or
principal components aiaterrelatedand most of the informatioaboutthe initial variables are
compressed on to the first principal component. The main idea behind this is five dimension:
data giwes you five principatomponentsasshown in Figure 2.4NeverthelessPCA puts the
maximum possible information on the first component, maximum remaining on the second an

SO on.

Figure 2.4 Percentage of information by Principal Compongsti§

As shown on the above graph wengaduce the dimension by discarding components with law
information and considering the remaining component as thevagable. Principatomponent
representshe direction of the data that explain maximum amount variance. This can be achieve
through egenvector and eigenvalues from the covariance matrix. Eigenvs¢ha direction of

axes where there is the most vacarfmost information). igenvalueson the other handre the
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coefficient attached with eigenvectors, which gives the amount of var@arced for each
principal component. By ordering eigenvectors by their ordénekigenvalueBom highest to

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

iv. Feature vector

Feature vector is a matrix that has as coluointhe eigenvetor that wetake. This makes the
first step of dimension reduction, because if we keep only p eigenvector out of n and the f
dimension is p In this study, we use explained variance ratickimw the optimal number of

componentsit in the feature sgce.

2.6.2.2 SingularValue Decomposition
Singular ValueDecomposition $VD) is one of matrix decompositianethods Formally, if we

have a data set m*n dimension, thexestsSVD for a matrix M in the fornj56].
M=U V

Where U ism*m D XQLWDU\ PDWWU L] « ) isGdnDd diagonal matrix with non
negative real numbers on tdegonal and V i:*n a unitary matrix. The diagonal matrix is the
singular value M.In this study, eaclow represents documents andwuhs represents features
selectedhat feature selection phase. The number writtethésTF*IDF valueof the feature with
the respective documernn this thesis, by selectinglargest singular values, we can project the
data tok dimension space. Thd whosei is larger thark are set to zero, and then calculate

reduced matriMy. Then, the data in the matifi#y are projectedhto k dimension space

2.6.3 Hybrid dimension reduction
The dmension of feature space catso be reduced using differemtimensonality reduction

techniques at the same tintecan bedoneusing different filteror wrappermethods together at
the same timeThe other one ixombined use ofeature selectiorand feature extraction
methods In this study, we designa dimensionalityeductiontechniquethat usesthreedifferent
filter technigueswith onefeatureextractor Features or terms in a documean havedifferent

scores with different feature scoringgtrics.

The evaluation function of F&nethodss appliedto a single wordat a time[57]. All the terms
are evaluated independently and sorted based on the scoring value of evaluation functio

predefined numér of best features are taken to prodadeetterfeature subsewWhile, we use
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2.7 Feature weighting

To classify documenta vector representation model is usedngp, textuadocument to vector
[13]. The importance of terms in the classification is known by tweight The most widely
use weighting techniques Term FrequencyinverseDocument Frequency and Term Frequency
by InverseDocument Frequency.F is the number of times a term occurs igien document.

It is used to calculate how much the term describing a given docustethiematically, itcan be

calculated afollows

~ Bsk cpmdgkcgcpkrmaas bmaskclr
6( L 2 G cmmdokeace phbmaskell (2.10)
Xmrlgk cpmdcpkaglrfcbmaskcgr

The other weighting mechanism lisverse DocumentFrequency IDF) is used to measure the
importance of a given term in the docent collection.According to IDF if a term occurs in
almost all documents, the relevance of a given term for the classification decreases because
term to represent the document becomes TEss.IDFis also used to distinguish terms having

the same quencylnversedocument frequencidefned mathematically as folloWs8].

WhereN is the number of documents in the collection, and DF is the document frequency of tt
term, i.e, the number of documenighere ternt appears.The last and the most commonly used
term weighting scheme is Term FrequencylbyerseDocumentFrequency TF*IDF). It is used

to havethe advantage of TF and IDAViathematically, thignethod of term weighting caloe

formulated as follows
6 ( U+ & (RA@ L 6 (g U+ &gemmmmmmmmmmmemmmmmmmeeneaee (2.12)

WhereTF*IDF (t, d) is the term frequency by inverdocument frequencyF (t, d) is theterm
frequency of t in document d anBF (t) is the invere document frequencgf term t in the
collection. We used TF*IDF feature weightisgce it is the most common feature weighting
techniqueas stated bj1, 13, 6, 58]

2.8 Classification
Classification process involves sorting sfmilar documents toa predefined category

Categorzation can be done either usiagkeywordor concept.There are different machine
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learning techniques used fkeywordbasedclassification such a&KNN, Naive Bayes, SVM,

ANN and Linear Least Squares Models

2.81 Multilayer Perceptron
Multilayer Percepton (MLP) is the most known and most frequently usedralnetworks The

direction of the signal in this network modellows one direction i.e.from input to outpuf59].
The MLP neural networkan be builtwith simple compnent. It can begin witlsingle input
neuron and exteni multiple inputsNext, the staclkof theseneurons together fortayers[60].

Finally, cascading those layers together forms MEeRvork

Figure 2.5 Architecture of Fedforward multilayer perceptrometwork[60]

In addition to the processingnits (eurons), neural network consists difect weighted
connection among neurons. Neurons have activation function that transforms state of the out
from the previous layer to the next activation state based on the thresholding6lddaom

the above figure, théeft side is the input layer, which sends the data to the next layer in the
network. The next layes called hidden layers. Each processing unit on the hidden layer takes
the output of the previous layer neuronsrgsut and appliean activation functioron it. Based

on the threshold, the layer sends numeric value to the next layer. This process contihites
gets the output layg¢b9, 60]
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Figure 2.8Multi-unit perceptron61]
MLP does not providen increasen computing power as compared to networks waiteingle

layer, if the activaion function is lineaff59]. The power of MLP comes from thenlinear

activation functionFinally, the output layer announcte result.

2.9 Performance metrics
Accuracy,Precision P), Recall(R) and Fiscore E-measurgarewidely used for the evaluation

of major text mining task32].

Accuracy refers to howclose a measurement is to the true valuean be determined by
dividing the number of correct predict®made by the total numberf @redictiors made.
Mathematically it is determined as shown below in question[23}4

B IE>iC 214
TIE>IC>e B C -(2.14)

Precision is the measure of totalorrect positive prediction divided by the total number of
positivepredictions Mathematically, iis computedas shown below in equation 2.[25]
i E

B — (2.19

[E>¢ E

Recall (R) is a measure of the total nhumbssrrect positive prediction divided by the total
number ofpositive instancesMathematically, recall is computeas shown below in equation

2.16[26].

F1-score (B is the mean of the precision and recall in a way that emphasizevikstvalue.

Mathematically, its calculated using the formutaven in equation 2.17
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evaluateperformance on selected classifiers. During the study, the author follows twdastep:s
perform the classificatiorOneis preprocessing and the other is classification. Urtterpre
processing step the author performs tasks such word identification (featureselectedto
represent a document), stop word removal, stemming, controlling spelling variation &
identification of compound word3.hes processing toolseduce tle size of the feature space
10-30%. Due tothe high dimensionality athe feature spacéhe author useslassifiers, which

are capablef working over high dimensi@ features- decisiontree and SVM

The author uses the two weak libraries: Logic Modeddand Library of SVM to evaluate the
effectiveness of the classifiefhe author achieves a result#®.72%with LMT and 81.15%with
SVM and the computational cost was too higince the author did not ussy dimension
reduction methoather than the ng-processing tools. Dimension reduction with-precessing

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 classificasimy Artificial Neural
Network (ANN). The author tries to see the potential application of learning vector quantizat
over Amharic document daification. The author aldavestigateste effect of increasinthe
number of categoriesand news items orthe classifiation accuracyby TF and TF*IDF
weighting schemedHis experiment was conducted with three, six and nine news categidres
author uses 1538 Amharic news for nine categories classificattom average he obtains the
result of 75.5% and 78% by TF and TF*IDF respectively.

The authorusessingle dimension reduction technique i.e. BRd manual selection of term
which are key word for one class and do not catch up twéhdefined DFthresholdvalue For
example, inhis experimentthe wod 3™ p U “@thiopia) appears 46 document of Bank and

Insurance category and satisfy his DF threshidlmvever,he manuallyexcludeit and take the
other W H U@ < . Gn8urancehavinga DFvalue8 as a key wordvianual identification and

rearrangement aerms mightnot makethe system automati¢n DF thresholdingmaximizing
the DF threshold value, resulis a small numbeiof featurs. However, this mighiead to
underfitting oroveffitting. Minimizing the value of the DF threshotth the other handesults

in increasinghesizeof featurespacehat causes computatior@mplexity.
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28% and decreases the computational complexity by 80% from the stanak@ahk clustering.
7TKH DXWKRUfTV XVHV XQLRQ IHDW X Wrkiovi niekyldg te€hdiqué HeSWES) L T

increase in the feature spane larger datzet[6].

On the other handMena and Habib[63] proposea hybrid approach of featureelection
techniqudor Arabic textcategorizationThe authos usea hybridof DF thresholding and 1G. DF

is used to remove rare terms and IG is used to get the most informative terms frematiméng
terms. They conduct an experiment with six categotiest containsl,132 news and 39,4@
words. This technique increases the classification accuracy and decrease number of feature
However the authors used the uniorethod to unify the subsef featuresselected with DF and

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

the classification. Keeping irrelevant features in the data set re@solterfitting andmisleading.

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

informative terms selected by tfeature selection methods.

The hybrid dimension reductiomas designed for Englidlext clustering.Bharti andSinghg[13]
design a method of dimension reduction by integrating feature selection with feature extractior
Theyuse DF and TernVariance TV) for feature selection and PCA ft@ature extractiorAfter

the features are selected with DF and, they unfied the features byntersection and union.
They use intersection fadhe 8®% leastrankedfeatures and union for theest 20%top ranked
features.They useglobal thresholding to select the most representative terms which scores bes
in DF and TV feature scoring metriddowever, in global thresholdintpe selected features are
affected by the mostly occurring news gaiey in the document collectidi®]. For examplejf

the number of news under Economy is half of the document collection, then the final term
selectedmajorly belongto this news categorysuch kind of problems solvedby appling each

thresholdindocally within categories

2.11.Research gap

This chapter presents research attempt to develop dimension reduction technique for te
classification in various languages. The review showed that two major methods are used
reducedimensions of feature space. The first is using single dimension reduction methods ar
the second is using different single dimension reduction methods together (hybrid). Singl

dimension reduction method uses only one aspect of a document to reducentier i
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