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ABSTRACT

Availabilityoflargeamountofelectronicjobvacancytextonthewebmakesthe

identification ofrelevantvacancyannouncementrelated to a specific topic is a

challengingtask.It’salsotrueforAmharictexts.Amharic(ኣማርኛ)isanEthiopian

languagewhichcomes from SemiticlanguageandusedasfirstlanguagebyAmhara

andworkinglanguageoffederalgovernment.Largeamountofelectronictextsinthis

domainhasbeengenerated.So,a textcategorizationmechanism is required for

finding,filtering andmanaging therapid growthofonlineinformation.Thegoalof

automatictextcategorization is to classifydocumentsinto a certain numberof

predefined categoriesbyusingrulebasedormachinelearning.Theaim ofthis study

is thereforeto investigate theapplication of machine learning techniques for

vacancytextcategorization.

A totalof1678 vacancyannouncementtextwith eightcategories:“ጤና”(health),

“ምህንድስና”(engineering),“የኮምፒዉተርሳይንስዘርፎች”(computing),“ተፈጥሮሳይንስ”(natural

science)“ማህበራዊሳይንስ”(socialscience),“ህግ”(law),“ግብርና”(agriculture)and“ቢዝነስ

እናኢኮኖሚክስ”(businessandeconomics)werecollected.Afterpreprocessingthetextfor

tokenization,stemming word variants and removing stop words and unwanted

charactersandweightingtheimportanceofaterm,1610pre-categorizedtextwere

usedtotraintheclassifier.Inthisstudythreesupervisedmachinelearningclassifiers,

namelysupportvectormachine,kNearestNeighborandNaïveBayesclassifiersare

usedtocategorizethevacancytext.

Experimentalresultshowsthat,SupportVectorMachineoutperformstheothertwo

classifiers(K-NearestNeighborandNaïveBayes)withanaccuracyof76.4%.Thisisa

promisingresulttodesignvacancytextcategorizationmodelforjobsannouncedin

Amhariclanguage.ህግ(law)categoryisanitem whichperformsthebestclassification

accuracyinthecurrentstudy.Because,law categoryisanitem thatsharetheleast

commontermswithotherfieldofstudywhencomparedwiththerestofanitemsused

inthecurrentstudy.However,therearechallengesindesigning job vacancytext

categorizationmodel.Themainchallengeinthisstudyis;thereareconflictingtagsasa

resultofcommonwordsindifferentcategorieswhereitischallengingtaskformachine
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to categorize these words.Itis therefore recommended to applysemantic based

Amharicvacancytextcategorization.

Keywords:JobVacancy;Amhariclanguage;TextCategorization;MachineLearning
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CHAPTERONE

INTRODUCTION

1.1 Background

Webcontainsmultimediacontentsliketext,audio,video,andgraphics.Asthereisa

greatincreaseintheproductionoftheseelectronicwebcontents,usersfinditdifficult

toobtainusefulinformationfrom thesecontents.Inthelastfewyears,ithasbeenseen

thatanexponentialgrowthinthevolumeoftextdocumentsavailableontheWebin

differentdomains[1].Thesewebdocumentscontainrichtextualinformation;more

specifically, manuscripts, jobs, newspapers, journals, magazines, thesis and

dissertationsareavailableindifferentformatssuchastext,audio,video,andgraphics

[1].Buttheyaresonumerousthatusersfinditdifficulttoobtainusefulinformation

from them [2].

However, searching information of one’s need in this large collection of

documentsrequires organizationandindexing [1]. Supportingthetargetusersto

accessandorganizetheenormousandwidespreadamountofinformationisbecoming

aprimaryissue[3];sothattheneedtocategorizeinformationresourceshasbecoming

animportantissue[4][2].

Textclassification and categorization has become an active research area in

informationsciencethatdevelopsmethodsforassigningtextdocumentstoapre-

definedsetofcategories[2].Categorizationistheprocessoffindingasetofmodels

thatdescribeanddistinguishdataclassesorconcepts,forthepurposeofbeingableto

usethemodeltopredicttheclassofobjectswhoseclasslabelisunknown.Thederived

modelisbasedontheanalysisofasetoftrainingdata,objectswhoseclasslabelis

known[5].

Currently,outoftheabundanttextdocumentsavailableinelectronicform ontheweb.

Vacancyisoneoftheareainwhichverylargedocumentsaregeneratedmanuallyin

newspaperaswellasonwebinanelectronicform.AsnotedbySurafel[1],theweb
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containsoverabilliondocumentswhichisdifficulttoorganizeandanalyzeaswellas

Millionsofpeoplesende-maileveryday.Thesecollectionsandmanyotherdocuments

generatedconstantlyonthewebrepresentamassiveamountofinformation[1].

Manytechniqueshavebeenappliedfortextcategorization.Mostofthetimetext

categorization process is done manually.In a manualtextcategorization (and

classification)organizationsdefinesubjectivecategories,basedoncertainpreferences

andassigndocumentstheywriteorreceivetothesecategoriesaccordingtothis

subjectivedefinitionofcategoriesorclasses.Manualcategorizationtherefore,isbased

onhumanjudgments.Organizationsanduserssearchforinformationandsaveitin

categoriesmeaningfultothemselves.Although,themanualapproachisaccurate,itis

timeconsumingandinconsistent.Withfastgrowthinonlinedocumentdata,thiswould

becomemoredifficultwithtime[4].

Sincetherearealargecollectionofelectronicdocumentsgeneratedtoday,itisdifficult

to manageand classifythesedocumentsbythetraditionalclassificationmethod.

Therefore,automatictextclassificationandcategorizationofthedocumentsinthe

domainiscriticalissue.Automaticclassificationtechniquesusealgorithmsthatlearn

from humanclassificationtechniques.Itsgoalistheclassificationofdocumentsintoa

fixednumberofpredefinedcategories[4].

Automatictextclassificationassignsthetexttoitspre-definedcategoriesaccordingto

themainideaorsubject.Today,automatictextclassificationisnecessitateddueto

verylargeamountoftextdocumentsthatwehavetodealwithdaily[6].Itinvolvesthe

machinelearningmethodswhichcurrentlyhavebeenmainlyusedtodeveloptext

categorizationmodel[7].

MachineLearning(ML)istheidealsolutioninthecasewhereasufficientlylargesetof

previouslyclassified textsisalreadyavailable— aso-called “training corpus”:the

corpusissuppliedtotheMLalgorithm,whichlearnsautonomouslywhatarethebest

strategiesforclassifyingdocuments[8].Themostcommonlyusedmachinelearning

methods for classifying textual information includes supervised learning and
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unsupervisedlearning.Supervisedmachinelearningmethods are applied to develop

a modelthatdivides andcategorizes a textinto its categories[9][10][11]. The

constructedautomatictextcategorizationmodelthenhelpstodecideandlabeltopical

labelstocontenttosolvetheproblem ofoverloadedinformation.

TextClustering is a textmining technique which divides the given setoftext

documents intosignificantclusters. Itis used fororganizing a huge numberof

textdocuments into a well-organizedform.Inclusteringtechniques,moresimilar

clusters are grouped togetherthan in otherclusters.Itimproves efficiency and

effectivenessoftextcategorization system which resulted in saving space,time

and increasequality[12][7].Itworkswithunlabeledtextsthoseareeasilyavailablein

theworld.

Supervisedmachinelearningalgorithm usespre-labeledexamplesasatrainingdata.A

machinelearningalgorithm canthenlearnthedifferentassociationsbetweenpiecesof

textandthataparticularoutput(i.e.tags)isexpectedforaparticularinput(i.e.text)

[13].Thesupervisedlearningmodelisappliedtoautomaticallydecidecategoriesof

datawhosecategoryisunknown[7].Severaltechniqueshavebeenused fortext

classificationsuchasDecisionTree(DT),NaïveBayes(NB),K-Nearest-Neighbor(k-NN)

andSupportVectorMachine(SVM)[14].

Ingeneral,textclassificationincludestopicbasedtextclassificationandtextgenre-

basedclassification.Topic-basedtextcategorizationclassifiesdocumentsaccordingto

theirtopics[7].Textscanalsobewritteninmanygenres,forinstance:scientificarticles,

newsreports,moviereviews,andadvertisements.Genreisdefinedonthewayatext

wascreated,thewayitwasedited,theregisteroflanguageituses,andthekindof

audiencetowhom itisaddressed.Previousworkongenreclassificationrecognized

thatthistaskdiffersfrom topic-basedcategorization[7].

There are two main categories oftextclassification;flattextclassification and

hierarchicaltextclassification[15].In flattextclassification,thereisnolinkagethat

definestherelationshipofeachcategoryaseachcategoryisprocessedseparately.
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Single classifieris trained to categorize a newdocumentto certain classes.On

theotherhand,hierarchicaltextclassificationisusedtoclassifylargetextdocuments

by using divide-and-conquerapproach to overcome a problem of large

classification[16].Itdecomposestheclassificationtaskintoasetofsimplerproblems,

oneateachnodeintheclassificationtreethatleadstomoreaccurateclassifier.

Documentclassificationtotheirpredefinedcategoriesrequiresalargeamountofhand

labeledtextswhichisdifficultandtimeconsuming.

Therefore,theaim ofthisstudyistodevelopamodelforvacancytextcategorization

usingsupervisedmachinelearningalgorithms.Theresultofthisresearchwillhavea

significantroleforjobseekersbymakingtheirsearchingexperienceeasiertofindjobs

categoricallyandfororganizationsforfurtherdataanalysis.

1.2 StatementoftheProblem

Inthecurrentday,largeamountofvacancyannouncementhasbeengeneratedonthe

web.Thisincreasestheamountoftextsthatareavailableonthewebinelectronicform

whichisdifficulttoorganizeandmanage.Intheexistingsystem theconcernedbody

preparedthecontentofthejob;i.e.jobID,titleofthejob,publishingdate,required

experience,educationalbackground,jobdescriptionsandrelatedinformation.Thejobis

thencategorizedbasedonitsID,title,experience(and/orbasedontherule)thatthe

expertdefinedandsavesitaccordingly,sothatitcanberetrievedlaterbyitsID,title,

date,experienceandcategorywhenneeded.Sincemanualcategorizationisbasedon

humanjudgments;itisaccurate.Butitistimeconsumingandinconsistent[17].

In order to have easy access forups-to-dateand timely information,vacancy

announcementshould be organized insystematicmanner.Thegreaterourabilityto

storeinformation,themoreattentionmustbepaidtotheproblem oforganizingand

retrievingit.Inthelastfewyears,automatictextclassificationsystemshaveprovento

bejustasaccurate,correctlycategorizingover90% ofthetextdocuments.Theyare

also farfasterandmoreconsistent,so therehasbeenaswitchfrom manualto

automatedsystems[1].
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Ajobtitleisanall-encompassingveryshortform descriptionthatconveysallofrelevant

informationrelatingto ajob[1].So basedonthetitletheannouncementcanbe

categorizedintoitspredefinedclasses.Butjobtitledoesnotgivefullinformationfor

classification[18].

In this studyourfocus is on textcategorization ofjobs to a predefined setof

occupationcategories.Machinelearningtechniqueshavebeensuccessfullyappliedto

textclassification and categorization. The learning approach to document

classificationentails assigning documents(which may be images,text,orother

entities)toa labelofapredefinedclassorcategorytocreateasetoftrainingdata.

Thistrainingdatasetisusedtolearnamodelthatisthenutilizedtoassignaclass

tonew documents[14].

Manylocalresearchersappliedtextclassificationinthenewsdomain[3][4][19].

However,thereisnoattemptmadebylocalresearchersforcategorizingjobvacancy

announcementsusinglocallanguages,likeAmharic.Onthecontrary,thereareworks

donebyforeignscholars.Lynch[20]triedtoconstructamodeltopredictjobtitlesbased

onjobdescriptionsusingRandom ForestandSupportVectorMachinesclassification

algorithms.Inaddition,Floraetal.[18]attemptedtoclassifywebjobadvertisements

againstastandardclassificationsystem ofoccupationsbytakingjobtitlesasinputfor

theclassificationprocess,butjobtitledoesnotgivefullinformationforclassification.

Thereareotherdescriptorsofjobvacancyannouncementforeffectivecategorization.

Suchjobvacancydescriptorsincludejobqualificationandeducationalbackground.

Itisthereforetheintensionofthisstudytocategorizevacancyannouncementsbased

onjobqualificationoreducationalbackgroundasaninputusingsupervisedmachine

learningtechniques.

Tothisend,thisstudyattemptstoexploreandanswerthefollowingresearchquestions.

 Whichsupervisedlearningalgorithm issuitableforcategorizingjobvacancy

announcements?

 To whatextentthe proposed modelis able to predict categoryofjob
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vacancy?

1.3 Objectiveofthestudy

1.3.1 Generalobjective

Thegeneralobjectiveofthisstudyistoconstructamodelforthecategorizationof

Amharicjobvacancyannouncementtextusingmachinelearningalgorithm.

1.3.2 Specificobjectives

Toachievethegeneralobjectiveofthestudy,thefollowingspecificobjectivesare

formulated.

 Toreviewrelatedworksintextclassificationtohaveaconceptualunderstanding

ofmethodsandalgorithmsusedfortextclassification.

 Tocollectdatafrom thewebandapplypreprocessingtasksinorderprepare

dataset.

 Toselectsuitableclassificationalgorithmsforexperimentation.

 ToconstructaclassificationmodelforAmharicjobvacancytextscategorization.

 To evaluate the performance ofthe proposed modelusing effectiveness

measures.

 Toreportfindingofthestudyandrecommendfortheupcomingresearcharea.

1.4 Significanceofthestudy

Thisstudywillprimarilysupportjobseekersbymakingtheirsearchingexperience

easiertofindjobscategoricallyconcerningtheirprofession.Inaddition,ithelpsjob

seekers,whovisitjobpostingwebsitestocheckforactivevacanciestofindthejobs

theyneedeasily.Furthermore,theresultoftheresearchenablesdatatobeaggregated,

whichinturnenablesanalysisfortheorganization.Thisgivesvaluableinsightsto

employersastheydesigntheirrecruitmentstrategies.Alsotheoutputofthisresearch
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canbeusedasaninputtothedevelopmentoffull-fledgedautomaticjobsclassification

fororganizations (job posting websites).The currentstudyalso motivates other

researcherstoproposeontextclassificationwiththesamedomainusingdifferent

approachesforapplyingthecompletesystemstowardstextcategorization.

1.5 Scopeandlimitationofthestudy

Theaim ofthisstudyistocategorizevacancytextbyusingsupervisedmachine

learning techniques.The scope of this study is limited to design text

categorization modelforAmharicvacancytextwhichmainlyhelpjobseekerswhen

searchingforjobsbysimplifyingtheirsearchingexperience.Inaddition,thisstudyis

limitedtoincludevacanciesthatrequiresomequalification(educationalbackground)

whichincludejobpositionslikegardener,cleaner.Vacancytextcanbecategorizedby

differentparameterslikepositionorjobtitle,qualificationofeducationalbackground,

address,jobtype,experience,thefocusofthisstudyistoclassifythevacancytext

using qualification or educational background of Amharic language vacancy

announcements.Someoftheeducationalbackgroundlike“economics”useddirect

Englishword inAmharicwhenannouncing thevacancy.Asaresult,theAmharic

stemmingalgorithm isnotworkingforsuchwordsandneedsmodificationwhichisleft

forfurtherresearch.

1.6 Methodology

Methodology provides an understanding of how the proposed research is

conducted inordertoobtaininformationfordevelopingtheproposedsystems[3].It

showsthepaththroughwhichtheresearchersformulatetheirproblem andobjective

andpresenttheirresultfrom thedataobtainedduringthestudyperiod.Itcontainstools

andtechniquesthatcanbeusedforconductingthestudy.Inthecurrentstudythe

followingmethodologyisfollowed.

1.6.1 Researchdesign

Inthecurrentstudyanexperimentalresearchisusedasageneralapproach.An
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experimentalresearch is a study in which the investigators formulate the

experimentalsetup like how manyexperimentsneedstobeconducted,withwhat

algorithms,parameters,weights and dataset[21]. In an experimentalresearch

repetitiveexperimentsareusedasanalyticalmethod.Thevalidityandreliabilityofthe

studyinthisresearchtypecanbecheckedthroughtestingandevaluations.Inthe

currentstudytheresearcherreviewed allnecessaryjournalarticles,thesisreport,

conference papers,books and the Internetthoroughlyforachieving the research

objective.To conductan extensive experiment,tasks such as data preparation,

implementationandevaluationareperformedasdescribedbelow.

1.6.2 DataPreparation

Thedatasetusedforconductingtheexperimentinthisstudyiscollectedfrom job

vacancyannouncementwebsitesandatotalofonethousandsixhundredseventyeight

(1678)vacancytextswereextractedfrom thesewebsitesasadatasetinthecurrent

study.Importantpreprocessingtaskssuchastextcleaning,tokenization,normalization,

stopwordremoval,stemming,andterm weightingareperformedusingNLTK(Natural

LanguageToolkit)inPythontocleanthedataandpreparetrainingandtestingdataset

forrunningmachinelearningalgorithms.

1.6.3 Implementationtools

Inthecurrentstudy,pythonprogramminglanguageisusedforclassifyingvacancytext.

Pythonisoneoftheeasiestlanguagestolearnanduse,whileatthesametimebeing

verypowerful:Itisoneofthemostusedlanguagesbyhighlyproductiveprofessional

programmersandalsoPythonisafreeprogramminglanguage[22].It’ssyntaxisclear

and readable where both expertsand beginnerscan easilyunderstand the code.

BecausetheblockstructuresinPythonaredefinedbyindentations,ithasmuchless

likelytohavebugsincodescausedbyincorrectindentation.Itisalsosimpletoget

supportandfasttocode. Pythonprovidesfastfeedbackinseveralways. Python

programmingencouragesprogram reusabilitybyimplementingmodulesandpackages.

Alargesetofmoduleshasalreadybeendevelopedandisprovidedasthestandard

pythonlibrary,whichispartofthePythondistribution.Scikit-learnisprobablythemost
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usefullibraryformachinelearninginPython.Thesklearnlibrarycontainsalotof

efficienttoolsformachinelearningandstatisticalmodelingincludingclassification,

regression,clusteringanddimensionalityreduction[23].

1.6.4 Evaluationmethods

Inthisstudytheperformanceofthemodelismeasuredbyusingfourclassification

evaluationmetrics(accuracy,precision,recallandf-measure).Theaccuracymetric

measurestheratioofcorrectpredictionsoverthetotalnumberofinstancesevaluated.

Precisionmetricisusedtomeasurethepositivepatternsthatarecorrectlypredicted

from thetotalpredictedpatternsinapositiveclass.Recallisusedtomeasurethe

fractionofpositivepatternsthatarecorrectlyclassified.Ahighrecallmeansthatthe

majorityofthe‘positive’itemswerelabeledasbelongingtotheclass‘positive’.Thef-

measure(orf-score)combinestheprecisionandrecalltogiveasinglescore,andis

definedtobetheharmonicmeanoftheprecisionandrecall[24].Theseevaluation

methods are selected because theyare the mostwidelyused ones to measure

effectivenessofclassificationmodelcreatedusingmachinelearningalgorithms.

1.7 OrganizationoftheThesis

Thisthesisreportorganizedintofivechapters.Chapteroneintroducedtheoverviewof

thestudy,astatementoftheproblems,objective,methodology,scopeandlimitation,

andsignificanceofthestudyisdiscussed.Inthesecondchapteranoverview and

definitionoftextcategorization,basicconceptsinautomaticclassification,approaches

totextcategorization,textcategorizationphases,applicationoftextcategorizationand

relatedworkisdiscussedclearly.InthethirdchapteranoverviewofAmhariclanguage

anditswritingsystem andproblemsinAmharicwritingsystem isdiscussedindetail.In

thefourthchapterthegeneralarchitectureoftheproposedmodelforvacancytext

categorization,data collection method,data preparation tasks,machine learning

algorithms selected in the currentstudy and performance evaluation method is

discussed.Infifthchaptertheexperimentalresultoftheproposedmodelswithselected

algorithms,discussionoftheresult,andcomparisonofthealgorithm resultsandfinally

inthesixthchapterconclusionofthestudyresultandrecommendationsarediscussed.
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CHAPTERTWO

LITERATUREREVIEW

2.1. Overview

Nowadays,withtherapidgrowthofonlineinformation,textcategorizationhasbecome

oneofthekeytechniquesforhandlingandorganizingtextdata.Inordertoaddressthe

problemsofmanualcategorization,automaticwaysareexplored asan alternative

approach using rule-based ormachine learning (ML)techniques.The goal of

automatictextcategorization is to classifydocuments into a certain numberof

predefined categories[25].Classificationalgorithmsofmachinelearningfacilitatethe

process ofcategorization.Compared to manualclassification,machine leaning

approachofferstheadvantagesofautomation,efficiency,andconsistency[4][5].

GivenC={c1,c2…cn}isasetofcategories(classes)andD={d1,d2,…,dm}isasetof

documents,textcategorizationisthetaskof assigningcitodj(1≤i≤nand1≤j≤m)a

valueof0ifthedocumentdjdoesnotbelongtoci;otherwiseavalueof1.Themapping

isalsoknownasdecisionmatrix[4].Inthischaptertheconceptoftextcategorization,

approaches and application oftextcategorization as wellas related works are

discussedindetail.

2.2. Typesofautomatictextcategorization

Categorization can be classified into different groups depending on the way

categorizationisdone.Therearesingle-labelvs.multi-labelcategorization,document-

pivotedvs.category-pivotedcategorizationandsoftvs.hardcategorization[5].

2.2.1.Single-labelversusmulti-labeltextcategorization

ForthesetofclassesC,setofdocumentsDandforagivenintegerkwhereC={c1,

c2…cn}andD={d1,d2,d3,d4,d5,d6,...dm},itispossibletoconsiderthefollowing,

exactlykelementsofCareassignedtoeachdjЄD.Single-labeled(alsocallednon



11

overlappingcategories)isthecasewhenexactlyonecategory(k=1)mustbeassigned

toeachdjЄ D .andthecasewhenanynumberofcategoriesfrom 0tom maybe

assignedtothesamedjЄDiscalledmultilabel(alsocalledOverlappingcategories)[1]

[4][5].

Inthecaseofsingle-labeltextcategorizationonlyonepredefinedcategorytoeach

“unseen”naturallanguage textdocumentis assigned and often defined as non-

overlappingcategorieswhereasmultilabeliswhenasmanyaspossiblecategoryis

assignedtothe“unseen”naturallanguagetextdocument.Andthatiswhyitiscalled

overlappingcategories.BinaryTextcategorizationisspecialcaseofsingle-labelTCin

whicheachdjЄ D mustbeassignedeithertocategoryciortoitscomplementci

(complementsign).

2.2.2.Category-pivotedversusdocument-pivotedtextcategorization

Therearetwowaysofusingtextclassifier.Givenadocumentdj∈D,wemightwantto

findallthecategoriesci∈ C,underwhichthisdocumentshouldbefiled(document-

pivotedcategorization–DPC);ontheotherhand,givenacategoryci∈ C,wemight

wanttofindallthedocumentsdj∈D thatshouldbefiledunderthiscategory(category

pivotedcategorization–CPC).

Indocumentpivotedtextcategorization,itisgiventhatdj∈Dithavetofindallcj∈C

underwhichitshouldbefiled.Thatmeansdocumentdjissearchedunderallcategories

andtherequiredcorrespondingcategorywillbefoundwhichcontaingivendocumentdj.

Itisgiventhatci∈C,wehavetofindalldj∈Dunderwhichitshouldfiled.Thismeans

thatacategoryciissearchedunderalldocumentsandtherequiredcorresponding

documentwillbefoundwhichcontaingivencategoryci.

Documentpivotedcategorizationisthussuitableifdocumentsbecomeavailableat

differentmomentsintime.Forexamplefilteringe-mail.Ontheotherhandcategory

pivotedcategorizationissuitablewhen;anew categoryc|C|+1maybeaddedtoan

existingsetC={c1,…,c|C|}afteranumberofdocumentshavealreadybeenclassified

underC,andthesedocumentsneedtobereconsideredforclassificationunderc|C|+1.
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Documentpivotedcategoryisusedmoreoftenthancategorypivotedcategorization,as

theformersituationismorecommonthanthelatter[26].

2.2.3.“Hard”categorizationversus“Soft”categorization

Thehardcategorizationcompletelyautomatesthetextcategorizationinwhichitneeds

atrueorfalsedecisionforeachpair(dj,ci).Itisakindofdecisionsthataretakenby

autonomous textclassifiers,orsoftware systems thatneed to decide and act

accordinglywithouthumansupervision[5].Softcategorization,ontheotherhand,uses

partialautomationofthetextcategorizationsystem whichrequiresdifferentmethods

[3].Inhard categorization the algorithm decidesa value for each document-

categorypair(dj,ci)∈ D xC.A completeautomationoftheTC taskrequiresa

decision foreach pair{dj,ci}.Ranking iswhen thealgorithm ranksallcategories

inC according to how wellthedocumentfitintoeachcategory,apartialautomation

[1].

Givendj∈ D,asystem mightsimplyrankthecategoriesinC={c1,c2,c3,c4…,c|C|}.

Assumethatc3 hasthehigherrankintermsofestimatedappropriatenesstodjas

comparedtoc1,c2,c4.Thenwithouttakinganyharddecisiononanycategorythefinal

rankedlistCRwillbe:-

CR={c3,c1,c2,c4…,c|C|}

Thegreatadvantageobtainedfrom rankedlistwouldbeithelptoahumanexpertin

chargeoftakingthefinalcategorizationdecision,sinceitcouldthusrestrictthechoice

tothecategory(orcategories)atthetopofthelist,ratherthanhavingtoexaminethe

entireset.Alternatively,givenci∈ Casystem mightsimplyrankthedocumentsinD

accordingtotheirestimatedappropriatenesstoci;symmetrically,forclassification

underciahumanexpertwouldjustexaminethetop-rankeddocumentsinsteadofthe

entiredocumentset.These two modalities are sometimes called category-ranking

TC anddocumentranking TC,respectively,and are the obvious counterparts of

DPC andCPC[1][27].

Incriticalapplicationswhentheeffectivenessofafullyautomatedsystem maybe
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expected to be significantlylowerthan thatofa human expert;semi-automated

interactiveclassificationsystemsareusefulinadditiontothesecategorizations.This

maybethecasewhenthequalityofthetrainingdataislow,orwhenthetraining

documentsoffullyautomated classifiercannotbetrusted to bearepresentative

sampleoftheunseendocumentsthataretocome,whichdeterioratestheresultsand

hencecannotbetrusted[26].

AccordingtoSebastiani[26],itisdesirabletousehardcategorizationforautomatic

textcategorizationbecausethehard categorization fully automates the text

documents ofthe specified language.Theotherapproachesoftextcategorization

areflatandhierarchicaltextcategorization.Inflatcategorization,the single-labelis

thecommonly used mechanisms of categorizing documents.Inhierarchicaltext

categorization,themulti-labeltextcategorizationmechanismsareusedcommonly.The

document-pivoted and category-pivoted can be used based on the document

occurrenceofthespecifiedtime[3].

2.3. Approachestotextcategorization

Textcategorization can beperformed in two approaches.Thesearemanualtext

classificationandautomatictextclassificationwhereautomatictextcanbesupervised,

unsupervisedandsemisupervisedlearning[28][10][11].

2.3.1.ManualClassification

Manualtextclassifiersarebuiltfrom labeledtraining(oftenmanually)setofdocuments.

Labelingisusuallydonemanuallybyhumanexperts(ortheusers)orhumanannotator

interpretsthecontentoftextandcategorizesitaccordingly[29],whichisalaborintensive

and time consuming process.Domain experts who are thoroughlyversed in the

category structure or taxonomy are being used to labeldocuments.Manual

classificationcanachieveahighdegreeofaccuracy-although even domain experts

willoccasionallydisagreeonhow tocategorizedocument.However,manuallabeling

ofalargesetoftrainingdocumentsisabottleneckapproachasitisatimeconsuming,

morelabor-intensiveandthereforemostcostthanautomatedtechniques[30].
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2.3.2.AutomaticClassification

AutomaticTextClassificationisthetaskofautomaticallyassigningagivendocument

toasetofpre-definedcategoriesbasedonitstextualcontentandextractedfeatures.

Therearethreeapproachestoautomatictextclassification,whichcanberulebased,

machinelearningbasedandhybridapproach[3][29][31].

Rulebasedtechniquesclassifytextdocumentintoorganizedgroupsbyusingasetof

handcrafted linguistic rules.These rules instructthe system to use semantically

relevantelementsofatexttoidentifyrelevantcategoriesbasedonitscontent.Each

ruleconsistsofanantecedentorpatternandapredictedcategory[29].In rulebased

classification, keywords and Boolean expressions are used to categorize a

document.This is typically used when a few words can adequately describe a

category. Forexample,if a collection of medicalpapers is to beclassified

accordingtoadisease,thenamedicalthesaurusthatlistseachdiseasetogether

with its scientific, common and alternativenamescanbeusedtodefinethe

keywordsforeachcategory.Whilerule-basedapproachiseffectiveforcarefullytuning

alimited numberofcategories,theexpenseofdefining and maintaining categories

isgenerallyprohibitive forlarge-scaleclassificationsystems[4].Althoughrulebased

approachiseffectiveforcarefullytuningalimitednumberofcategories,the expense

of defining and maintaining categories is generally prohibitive for largescale

classificationsystems[4].

Asdiscussedaboverulebasedapproachisrelyingonmanuallycraftedrules.Inother

waytextclassificationwithmachinelearninglearnstomakeclassificationsbasedon

pastobservations.Byusingtrainingdata,amachinelearningalgorithm canlearnthe

differentassociationsbetweenpiecesoftextandthataparticularoutput(i.e.tags)is

expectedforaparticularinput(i.e.text)[29].Itisadataanalyticstechniquethat

teachescomputersto do whatcomesnaturallyto humans:thatislearning from

experience.Machine learning algorithms use computationalmethods to “learn”

information directlyfrom data withoutrelying on a predetermined equation as a model.

Machinelearningalgorithmsadaptivelyimprovetheirperformanceasthenumberof
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samplesavailableforlearningincreases[32].

Hybridssystemscombineabaseclassifiertrainedwithmachinelearningandarule-

basedsystem,whichisusedtofurtherimprovetheresults.Thesehybridsystemscan

beeasilyfine-tunedbyaddingspecificrulesforthoseconflictingtagsthathaven’tbeen

correctlymodeledbythebaseclassifier[29].

2.4. MachineLearningApproach

Machinelearningapproachcanbesupervisedlearning,unsupervisedlearningandsemi-

supervised learning [3][5][33].Figure 2.1 depicts the majormachine learning

techniquesandalgorithms.

Figure2.1Machinelearningalgorithms[32][34]

Supervisedlearningisoneoftheapproachesin machinelearning whichusesaknown

dataset(usuallycalledthetrainingdataset)tomakepredictions.Thetrainingdataset

includesinputdata(attributevaluesotherthantheclasslabel)andresponsevalues
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(classlabel).From theseinputandoutputorresponsevalues,thesupervisedlearning

algorithm seekstobuildamodelthatcanmakepredictionsoftheresponsevaluesfora

newdataset.Usinglargertrainingdatasetsandoptimizingmodelhyperparameterscan

oftenincreasethemodel’spredictivepowerandensurethatitcangeneralizewellfor

newdatasets.Atestdatasetisoftenusedtovalidatethemodel[32].

Thelearningapproachto document classificationentails assigning documents

(which may be images,text,orotherentities)a labelofapredefinedclassor

categorytocreateasetoftrainingdata.Thistraining dataset isused to learn a

modelthatisthenutilizedtoassignaclasstonew documents[4][14].

Unsupervisedlearning identifiesagroup,orclustersofrelated documentsaswell

astherelationshipbetweenthesedocuments.Commonlyreferredtoasclustering,this

approacheliminatestheneedfortrainingsetsbecauseitdoesnotrequireapre-existing

categorystructure.However,clusteringalgorithmsarenotalwaysgoodatselecting

categoriesthatareintuitivetohumanusers.Forthisreason,clusteringgenerallyworks

hand-in-handwiththesupervisedlearningtechniques[4].

Unsupervisedlearning findshiddenpatternsorintrinsicstructuresindata.Itisusedto

draw inferencesfrom datasetsconsistingofinputdatawithoutlabeledresponses.

Clustering is the mostcommon unsupervised learning technique.Itis used for

exploratorydataanalysistofindhiddenpatternsorgroupingsindata.Applications

for clusteranalysis include gene sequence analysis,marketresearch,and object

recognition[32].Withthislearningapproach,pre-classifieddocumentsarenotrequiredsince

themethodtriestoexploitregularities found in the documentandmakegroup orcluster

basedonsimilarity[19].

Mostofthetime,weneed labeled datato perform supervised machinelearning.

Labelingalotofdataisexpensiveandtimeconsuming.Inanothercaseunsupervised

algorithmsdon’tneed labelsbutcan learn from unlabeled data.Due to itstime

complexityandinterpretationproblems,usingtheseunlabeleddataforclassificationis

notpreferred.Sothereshouldbeamechanism neededtocombinebothclustering

algorithmsandclassificationalgorithmsusingtheprocessofunsupervisedlearning[35]
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[36].

InMLterminology,theclassificationproblem is anactivity of supervised learning,

sincethelearningprocessis“supervised”bytheknowledgeofthecategoriesandof

thetraininginstancesthatbelongtothem [1].

Supervisedlearningusesclassificationandregressiontechniquestodeveloppredictive

models[32].Classificationtechniquespredictdiscreteresponses.Forexample,whether

anemailisgenuineorspam,orwhetheratumoriscancerousorbenign.Classification

modelsclassifyinputdataintocategories.Typicalapplicationsincludemedicalimaging,

speechrecognition,andcreditscoring.Classificationtechniquesareusedifthedata

canbetagged,categorized,orseparatedintospecificgroupsorclasses,whereas,

regression techniques predict continuous responses.For example,changes in

temperatureorfluctuationsinpowerdemand.Regressiontechniquescanbeusedfor

workingwithadatarangeorifthenatureoftheresponseisarealnumber,suchas

temperatureorthetimeuntilfailureforapieceofequipment.

In this study classification algorithms are applied forthe purpose ofvacancy

announcementtextcategorization.

2.5. TextCategorizationPhases

Itisdifficulttousetextdocumentsrepresentedbynaturallanguagedocumentsdirectly

forbuildingmodelsusingmachinelearningalgorithms.Inordertosolvesuchaproblem,

naturallanguagetextdocumentshouldbemappedintoaschematicrepresentationof

itscontent.Sothat,the categorization algorithm changes eachdocumentinto a

vectorofweights corresponding to anautomatically chosen setofkeywords[3]

[33].Thistransformationofdocumentshastwomainsteps.

First,suitablerepresentationofthedocumenthastobechosen,whichisusedforall

documentstobeindexedandtherepresentationhasallnecessarywordsthatcan

characterizethedocuments.

Second,itassignsweightsto each selectedreprehensivetermswhich showsthe



18

frequency ofoccurrenceoftheterm intheindexed document.Eventhoughthe

documentindexingisperformed,stilltheresultsobtainedhashighdimensionandtake

alargeamountofstoragespace.So,techniquesfordimensionalityreductionshouldbe

applied.The main idea behindthese techniques is to map eachdocumentinto a

lower dimensionalspace that canpotentiallytakeintoaccountthedependencies

between the terms.The following image illustrates the procedures followed fortext

classification.

Figure2.4textcategorizationphases

 DocumentIndexing

Thetaskofdocumentindexing involvesmapping ofa documentdjinto suitable

representationofitscontentthatcanbeusedforbuildingtheclassifieralgorithms.The

choice of the representative term of a document depends on the individual

choice ofmeaningful terms[15].Generally,therearetwomainstepsforindexing

documentsinthegivencorpus[26]. Representativetermsareselectedfrom the

documents.Afterselectingtherepresentativeterms,thenon-discriminatingtermsare

removedfrom thedocumentsinthegivencorpus.Thisprocessisalsocalledfeature

selectionstep.Asaresult,mostresearchersuserepresentativeterm andfeature

selectioninterchangeably[15].Theremovedtermsareboththefrequentlyandvery
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rarely appearing terms because such words orterms do notdistinguish one

documentfrom otherdocumentinagivencorpus.

Second,weightisassignedtoeachdocumentwhichrepresentsthedocumentsby

numericvector.Thisvectorincludestheweightoftheterm inadocument.So,the

weightfactorshouldrepresenttheimportanceoftheterm forthecategorizationofthe

document.The most common term weighting approaches used in text

categorizationareBooleanweighting,term frequencyweighting,andterm frequency×

inversedocumentfrequencyweighting[3].Therearecertainconceptsthatneedtobe

definedinanyofterm weightingapproaches.Whichare,

 tfijisthefrequencyofterm iindocumentdj;

 Niisthetotalnumberofdocumentsinthedocumentcorpus;

 Nisthenumberofdocumentsinthecorpuswhereterm iappears;and

 |T|isthenumberofdistincttermsinthedocumentcollection(afterstopword

removalandstemmingisperformed).

Thesimplestmethodofterm weightingisBooleanweightinganditassigns1(existence)

ifthe term existsin a documentorzero (absence)ifthe term doesnotappear

in thedocument.Here,theweightingisonlyexistenceorabsencethatdoesnotshow

inwhichdocumentstheterm appearsmoreorless.Forthisreasonitisnotwidelyused

approaches.

Ontheotherhand,term frequencyweightingapproachcountstheappearanceofthe

term indocuments.Inthismethod,theweightofaterm inadocumentrepresentsoris

equaltothenumberoftimestheterm appearsinthedocument.Sometimes,themost

frequentterm couldnotdiscriminateonedocumentfrom otherdocuments.Iftheterm

frequencyoftheterm ishigh,itsdiscriminatingpowertothemeandocumentsislow.

So,thisterm weightingtechniquesisnomostlyusedintextcategorizationprocesses.

Asaresult,theterm frequency×inversedocument frequency weighting (Tf×idf)

which uses the frequencyofthe mostdiscriminatingterm inagivendocumentsis
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mostcommonlyused[15].Here,theweightofterm iindocumentdisproportional

to the number of times the term appears in the document and inverse

proportionalto the numberofdocuments in thecorpusinwhichtheterm appears.

Tf×idffunctioncanbedefinedasfollows:

(2.3)Wtij=tfij*log(N/Ni)

Whereintheaboveequation2.3,tfijistheterm frequencyofterm iinadocumentj,log

(N/Ni)is the inverse documentfrequency ofthe term,N is the totalnumber

documentsinthecorpus,andNiisthenumberofdocumentsterm iappears.

Thetf×idfweightingapproachweightsthefrequencyofaterm inagivendocument

witha factorthatdiscounts its importantifitexists in mostofthe documents.

Atthe end ofthisprocess,the indexfile isconstructed using indexing structure

suchasinvertedfile,signaturefileetc.

Anindexfilestoresamappingfrom contentssuchastermstoitslocationsina

documentorasetofdocuments.Thepurposeofindexingistohavefastsearching

mechanism whentherearealotofdocumentsinthedatabase.Themostwidelyused

indexingstructureisinvertedfilewhichcanberepresentedintwoways:aninverted

indexfilecontainingalistofreferencestodocumentsforeachwordandtheinverted

indexfilewhichcontainsthedocumentswhichtheterm appears,andtheposition

ofeachwordwithinadocument[37].

 Dimensionalityreduction

Aftertheindexfileisgeneratedthedimensionoftheindexfileisreduceinordertosave

thestoragespaceandenhancetheprocessingspeeds.Thedimensionalityreduction

mapseachdocumentintolowerdimensionalspace.Thisimprovesthecategorization

performanceofagiventextdocuments.There are various dimensionalityreduction

techniquesthatcanbeclassifiedaseithersupervisedorunsupervised.Supervised

dimensionality reductiontechniques use the class-membershipinformation for

computing the lower dimensional space.Examplesofsuperviseddimensionality

reductiontechniquesaredocumentfrequency(DF)andinformationgain(IG).However,
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unsupervised dimensionality reduction techniques computea lowerdimensional

space without using any class-membership information. Thesetechniquesare

primarilyused to improvetheretrievalperformanceand rarelyused fordocument

categorization.Examplesofsuch techniques include principalcomponentanalysis

(PCA),latentsemantic indexing (LSI),Kohonen self-organizing map (SOFM),and

multidimensionalscaling (MDS).However,theunsuperviseddimensionalityreduction

methodsarenotcommonlyusedintextcategorizationprocess[15]

 Classifierlearning

Alearningclassifierisafunctionthatmapsaninputattributestotheclassmembership

itbelongsto[15].Theattributesinthisclassifierarethelistoftermsfoundinthe

document,whereas the classes are the predefined categories to which the

documentsbelong.Inautomatic textcategorization,a textclassifierfora given

category is automaticallygenerated by a learner.The learnerobserves the

characteristicofagivendocumentunderapre-definedcategoryanddeterminesthe

new unseendocumenttospecifiedcategory.Mostofthetimeevaluationprocedureof

learningclassifiersintextcategorizationusesthreedatasets[15].Thesearetraining

set(Tr),validationset(Va),andtestset(Te).Thetrainingsetisthesetofdocuments

observedwhenthelearnerbuildstheclassifier.Afterbuildingthetrainingsetthe

validationsetisusedforchoosingforaparameteronwhichtheclassifierdepends

andfor evaluating theeffectiveness.Finally,thetestsetisusedtoevaluatethe

effectivenessoftheclassifier.Thetestsetisthesetonwhichtheeffectivenessofthe

classifierisfinallyevaluated.Boththevalidationsetandtestsetareusedforevaluating

theeffectivenessoftheclassifier.

 Evaluation

Performanceofthemodelismeasuredbyusingfourclassificationevaluationmetrics

(accuracy,precision,recallandf-measure).

2.6. Classificationalgorithms

Naïve Bayes (NB),Decision Tree (DT),SupportVectorMachine (SVM),K-Nearest
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Neighbors(KNN),NeuralNetwork(NN)areamongtheMLalgorithmsusedfortext

categorization[4].

NaïveBayes(NB)

Thisclassifierusesthejoinprobabilitiesofwordsco-occurringinthecategorytraining

setandthedocumenttobeclassifiedtocalculatetheprobabilitythatthedocument

belongstoeachcategory.Itisaprobabilistic classifier whichuses the properties

of Bayestheorem assumingthestrongindependencebetweenthefeatures[38].The

documentisassignedtothemostprobablecategory(ies).NaïveBayesclassifiershave

beenproveninmanydomains,especiallyintextcategorization,despitethesimplicityof

themodelandrestrictivenessoftheindependenceassumptionsitmakes[5].

NaïveBayesclassifierhasmanyadvantagesanditiseasytoimplement.Amongthe

advantages ofthe Naive Bayes classifiers,itis simple technique results in high

accuracy,especiallywhencombinedwithothermethods.Alsothisclassifierrequires

smallamountoftraining data to calculate the parameters forprediction.Instead

ofcalculatingthecompletecovariancematrix,onlyvarianceofthefeatureiscomputed

because ofindependence offeatures.The limitations ofthis classifieris the

independenceandequallyimportanceassumptionwhichmaycauseskewedresults,

especiallyifmanyofthevariablesareinterrelated,asthatrelationwillhaveagreater

effectonthedecision,forbetterorforworse.NaïveBayesclassifierdonotallow for

categoricaloutputattributes[39].

TheNaiveBayesalgorithm calculatestheconditionalprobabilityP(C|D),whereCisthe

classvalueandDisaninstanceofthesample.TheDwillbeclassifiedtotheCifP(C|D)

isthemaximum oneofallclassvalues[39].

P(C/D)= (2.1)
P(C/D)*P(C)

P(D)
According to Bayes rule,P (D)is constantand assuming allthe predictors are

independenteachother,theproblem convertstocalculatethemaximum P(C/D)*P(C)
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whichisequalto .P P(C)(∏n
k=1

p(D|C))

InNaïveBayesclassifiertextdocumentscanberepresentedasdocumentvectors

usingtwomodels(i.e.theMultivariateBernoulliModelandMultinomialmodel).In

MultivariateBernoulliModelthedocumentvectorisabinaryvectorwhich simply

indicatingtheabsenceorpresenceoffeatureterms.Avectorofbinaryattributesis

usedtorepresentdocumentthatindicatingwhichwordsoccuranddonotoccurinthe

document.Thefrequencyofawordinadocumentisnotcaptured.InMultinomial

modeldocumentvectorsadditionallyretaintheinformationregardingfrequencyof

occurrenceoffeatureterms.Adocumentisrepresentedbythesetofwordoccurrences

from thedocumentinwhichthenumberofoccurrencesofeachwordinthedocument

iscaptured[5][31][17].

DecisionTree(DT)

UnlikeNBclassification,DecisionTreeclassificationdoesnotassumeindependence

among its features.In a Decision Tree representation the relationship between

attributesisstoredaslinks.Decisiontree(DT)canbeusedasatextclassifierwhen

therearerelativelyfewernumberofattributestoconsider,howeveritbecomesdifficult

tomanageforlargenumberofattributes[31].Thisclassifierhasaninternaland

terminal(leaf)nodes.Theinternalnode indicates the differentattributes ofthe text

classification,and the leafnodesshowtheclassificationoftheattributes[33].The

internalnodesarelabelledbythefeatures,theedgesleavinganodearelabelledby

testsonthefeature’sweight,andtheleavesarelabelledbycategories.DTclassifier

categorizesdocumentbystartingatthetreerootandmovingsuccessfullydownward

viathebranches(whoseconditionsaresatisfiedbythedocument)untilaleafnodeis

reached.Thedocumentisthenclassifiedinthecategorythatlabelstheleafnode[40].

In decision tree-based feature ranking,a decision tree induction selects relevant

featuresandranksthefeatures.Decisiontreeinductionisdecisiontreeclassifiers

learning,constructingatreestructurewithinternalnodes(non-leafnode)denoting

an attribute test.Thealgorithm ateach node chooses bestattribute to partition

data into individualclasses.Informationgainmeasureisusedtochoosethebest
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partitioningattributebyattributeselection.Attributewithhighestinformationgainsplits

theattribute[40].Informationgainisusedtoinductionofdecisiontreeusingthis

formula[41]:-

Info =- (2.2)(D) ∑m

i=0
Pi*log2(Pi)

wherepiisprobabilitythatanarbitraryvectorinDbelongstoclassci.Alogfunctionto

base2isresortedtoasinformationisencodedinbits.Info(D)isanaverageamountof

informationneededtoidentifytheclasslabeloftupleinD.ThetuplesD onsome

attributeAhavingvdistinctvalue,{a1,a2,a3,av},asobservedfrom thetrainingdata.If

Aisdiscrete-valued,thesevaluescorresponddirectlytothevoutcomesofatestonA.

AttributeAcanbeusedtosplitDintovpartitionsorsubsets,{D1,D2,Dv},whereDj

containsthosetuplesinDthathaveoutcomeajofA.Informationgainisdefinedasthe

differencebetweentheoriginalinformationrequirementandthenewrequirement.The

attributewiththehighestinformationgain,(Gain(A)),ischosenasthesplittingattribute

atnodeN.

SupportVectorMachine(SVM)

SupportVectorMachineisasupervisedmachinelearningalgorithm whichcanbeused

forboth classifications and regression challenges.However, itis mostlyused in

classificationproblems[42].SVM oftenconsideredastheclassifierthatproducesthe

highestaccuracyresultsintextclassificationproblems.Itcreatesamaximum margin

hyperplanethatliesinatransformedinputspaceandsplitstheexampleclasses,while

maximizingthedistancetothenearestcleanlysplitexamples[4].Thisshowsthatthe

valueofthegivenparameterofhyperplanetothenearesttrainingpatternsfrom given

classesismaximizedasmanytrainingpatternsaspossible.

SVM isnon-probabilisticbinarylinearclassifierthatusesa nonlinearmapping to

transform theoriginaltrainingdataintoahigherdimension.Withinthisnewdimension,

itsearchesforthelinearoptimalseparatinghyperplane(adecisionboundaryseparating

theinstancesofoneclassfrom another).Datafrom two classescanalwaysbe

separatedbyahyperplane,withanappropriatenonlinearmappingtoasufficiently

highdimension.The rest of the training data have noinfluence on the
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trained classifier[43].

AlthoughthetrainingtimeforSVMscanbelong(sinceitiscomputationallyexpensive

andrequiresextensivememoryspace),theyarehighlyaccurate,owingtotheirabilityto

modelcomplexnonlineardecision boundaries. Theiruse ofsupportvectors for

identifyingdecisionboundariesmakesthem muchlesspronetooverfittingthanthe

othermethods.Moreover,sincetheyusuallyaresubsetsofthetraining,thesupport

vectorsprovideacompactdescriptionofthelearnedmodel[4].

Figure2.2ClassificationofdatabySupportVectorMachine[44]

Asstatedabovethegoalofthisclassifieristo findthebesthyper-planewhich

separates the one class data points from the otherclass data points with the

maximum possiblemarginforeachsetofpointsfrom thehyper-plane.Thedatapoints

onthemarginsarecalled“supportvectors”.SVM arewellsuitedforproblemswith

denseconceptsandsparseinstances.MostTextCategorizationproblemsarelinearly

separablewhich,notbeingalimitationtoSVMs,makesthecomputationmuchfaster

andsimpler.

Supportvectormachineconsidersthateachsetoffeaturesrepresentsaposition

insideahyperspacethentheSVM triestodivideitusingahyperplanemaximizingthe

distancebetweenthishyperplaneandeachvector,minimizingtheobjectivefunction.

Thisspacedivisionishardtoaccomplish,andsometimesimpossible,forthistheSVM

canuseamarginthatallowsmisclassifyingsomeexamplesbutincreasestheoverall
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performance.ThemainadvantagesofSVM isitspotentialtohandlelargefeaturesand

itsrobustwhenthereisasparsesetofexamplesbecausemostoftheproblem are

linearlyseparable.

K-NearestNeighbors(KNN)

K-NN isa type ofinstance-based learning,orlazylearning where the function is

onlyapproximatedlocallyand allcomputation is deferred untilclassification.Itis

nonparametricmethodusedforclassificationorregression.Itisoneofthesimplest

classification methodsused in data mining and machinelearning.Itisthemost

acceptedclassificationmethodduetoitseaseandpracticalefficiency.K-NNclassifier

doesn’tnecessitatefittingamodelandithasbeenprovedtohavesuperiorperformance

forclassifyingseveraltypesofdata[45][46].

Therulesofk-NNclassificationarecreatedbythetrainingsamplesalonewithnoother

additionaldata.Inamorecomplicatedapproach,k-NNclassification,findsagroupofk

objectsinthetrainingsetthatarenearesttothetestobject,andbasestheassignment

ofalabelonthepredominanceofaparticularclassinthisneighborhood.Thek-Nearest

Neighboralgorithm (k-NN)isamethodforclassifyingobjectsbasedonclosesttraining

examplesinthefeaturespace[KNN].

TheNearestNeighbor(NN)ruleisthesimplestform ofKNN whenK=1.Givenan

unknownsampleandatraining set,allthedistancesbetween theunknownsample

and allthe samples in the training setcan becomputed.Thedistancewiththe

smallestvaluecorrespondstothesampleinthetrainingsetclosesttotheunknown

sample. Therefore,the unknown samplemay be classified based on the

classificationofthisnearestneighbor[45].Itworksbyfindingthedistancesbetweena

queryandalltheexamplesinthedata,selectingthespecifiednumberexamples(K)

closesttothequery,thenvotesforthemostfrequentlabelinthecaseofclassification

oraveragesthelabelsinthecaseofregression.

NeuralNetwork(NN)

NNanalysisisbasicallyapredictiontoolmodeledonhowhumanbrainworks[4].Itis

aninputoutputprocessing systemsinspired from humanbrain thatistheyconsist
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ofneuronswhichisfundamentalunitofthehumanbrain.NNsaretrainedtorecognize

certainpatternsorbehaviorwhenfedwithalargedatasetandthentheycandetermine

predictors ofa dependentvariable.Thus,NN can be defined as a distributed

processor that can createknowledge based onexperience and make that

knowledgeavailableforfutureuse[4].Neuralnetwork is anassemblage ofneurons

withweightageswhichconnectsthem,theyprocessrecordsoneatatimeandlearnby

comparing theirclassification with the actualclassification.Neuralnetworkhasthe

propertieslikerobustness,self-learningandadaptiveness.

Figure2.3Simplehiddenlayerneuralnetwork[47]

Neuralnetworkcanbedefinedinthreepartsorlayerstheyareinputlayer,hidden/

intermediatelayerandoutputlayer.Thedutyoftheinputlayeristoreceivetheinput

signalsfrom theoutersystem.Comingtothehiddenlayeritiscomprisedofneurons.

Thelearningoftheneuralnetworkisfullysupervisedhencefortheinputprovides

to theneuralnetworkhasanansweroroutput[14].Theneuralnetworktakesinput

valuesandweightsfrom theinputlayerasinputandthenitgoestothehiddenlayer

in which afunction sumstheweightsand mapstheresultsto thecorresponding

outputlayerunits.Wecanhave‘n’numberofhiddenlayersinbetweentheinputand

outputlayers.Dependingonthenumberofhiddenlayersthenetworkwillbenamedas

singlelayerneuralnetworkormultilayeredneuralnetwork(formorethanonehidden

layers)[48].Theworkingofartificialneuralnetworksisasfollows[49][50]
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1.Informationisfedintotheinputlayerwhichtransfersittothehiddenlayer

2.Theinterconnectionsbetweenthetwolayersassignweightstoeachinput

randomly

3.Abiasaddedtoeveryinputafterweightsaremultipliedwiththem individually

4.Theweightedsum istransferredtotheactivationfunction

5.Theactivationfunctiondetermineswhichnodesitshouldfireforfeature

extraction

6.Themodelappliesanapplicationfunctiontotheoutputlayertodelivertheoutput

7.Weightsareadjusted,andtheoutputisback-propagatedtominimizeerror

2.7. Applicationsoftextcategorization

Recentadvancesfrom IRandAIhavemadetextcategorizationahotresearchissue.Its

useappearsinawidevarietyofapplications[26].

Emailfiltering

Systemsforfilteringaperson’sincomingemailstoweedoutscam orspam orto

categorizethem intodifferentclassesarejustnowavailable.

Mailrouting

Largeenterprisesarecurrentlyautomatingtheirdocumentprocessingbymeansof

workflow managementsystem,allowing an image ofthe documentto circulate

through thecompanyratherthan the original.Inparticular,theyaim forauniform

treatmentofincomingmail,whetheritiselectronicorinpaperform.Abottleneckinthis

approachistheenteringofdocumentsintotherightworkflow.Thisprocessinvolvesa

superficialinterpretationofthecontentsofthedocument,whichistimeconsumingand

errorprone.

Newsmonitoring

In knowledge-based companieslike the stockexchanges,numbersofpeople are

concerned with the scanning ofnewspapers and otherinformation sources for
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itemswhich are concerned with the nationalorinternationaleconomy,orwith

individualcompanies on the stock market.Theresultsaresenttothepersonwho

shouldbeinformed.

Narrowcasting

Pressagenciesstrivetogivemoreandmoreindividualservice,whereeachclient

obtainsoutofthelargestream ofoutgoingnewsitemsonlythosethatare

relevanttohim,accordingtohisprofile.

Contentclassification

Largeinformationbrokershavetraditionallyusedpre-classificationofdocumentsasan

aidindocumentdisclosure.Documents are manuallygiven a place within a large

semantically hierarchy,or index terms according to agiven thesaurus. This

process is costly and errorprone and changes in the thesaurus are hard to

accommodate. Modern search machines on the web use an automatic pre-

classificationofwebpages.

2.8. Relatedworks

Therearemanyresearchesthathavebeenconductedontextclassificationondifferent

domains.Different approaches like manualtext classification,rule based text

classification and machine learning approach (which can be unsupervised and/or

supervised)havebeenfollowedtoconducttextcategorizationoneachdomain.They

achievedthebestaccuracyoneachoftheirworks.News,email-filtering,newsrouting

and medicaldocumentcategorizationsare the mostcommon area in which text

categorizationisappliedwithdifferentlanguages.Inthenextsubsectionswewill

brieflyreview someofthetextcategorizationworksthathavebeenconductedon

differentareasusingdifferentapproaches.

2.8.1.Worksdoneintextcategorization

Jindal,Rajni,andShwetaTaneja[51]haveproposedanovellexicalapproachtotext

categorizationinthebio-medicaldomain.TheyhaveproposedLKNN (LexicalKNN)
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algorithm,inwhichlexemes(tokens)areusedtorepresentthemedicaldocuments.

Thesetokensareusedtoclassifytheabstractsbymatchingthem withthestandardlist

ofkeywordsspecifiedasMESH(MedicalSubjectHeadings).Itautomaticallyclassifies

journalarticlesofmedicaldomainintospecificcategories.Thecollectionofmedical

documents,calledOhsumed,wereusedasthetestdataforevaluatingtheproposed

approach.Comparative study have been done to compare the performance of

traditionalKNNandLKNNwiththedifferentKvalues.Andtheresultisnotedintermsof

f-measurefork=1,f-measureforKNN=1andforLKNN=1;k=5,f-measureforKNN=0.75

andforLKNN=0.77;k=7,f-measureforKNN=0.76andforLKNN=0.77;k=10,f-measurefor

KNN=0.78andforLKNN=0.8;k=12,f-measureforKNN=0.8andforLKNN=0.8;k=15,f-

measureforKNN=0.83andforLKNN=0.84.Theresultsshow thatLKNNoutperforms

thetraditionalKNNalgorithm intermsofstandardF-measure.

Suleymanov[52]attemptedtodesignautomaticnewslabelingofAzerbaijaninews

articlescorpusbyapplyingsupervisedmachinelearningapproachspecifically,naive

Bayes,supportvectormachines(SVM)andartificialneuralnetworksclassifiers.Atotal

of130000newsarticleshavebeengatheredalongwiththeirassignedcategories.The

documentsaregroupedunder8mutuallyexclusivecategories.Chi-squaredtestand

LASSO (LeastAbsolute Shrinkage and Selection Operator)methods have been

implementedforfeatureselectionandpre-processing.ByapplyingnaiveBayes,the

highestaccuracywegotwas80.4%.Thisaccuracyisachievedbyapplyingcount

vectorizationasfeatureextraction.Theleastaccuracyobservedwasbyusingtf-idf

approachwithNaïveBayesandartificialneuralnetworkmodelgave86.3% accuracy

resultonAzerbaijaninews articledataset.Applicationoffeatureselectionnamely,Chi

squaredtestincreasedtheaccuracyofartificialneuralnetworksby2.8%.

Differentlocalresearcheshavebeenproposedontextclassificationusingdifferent

approachesanddomains.Mostoftheselocalworksaredoneonnewsdomainin

differentlocallanguageslikeAmharicnews,AfanOromonewsandTigregnanews.

Worku[19],hasconductedresearchonAmharicnewsclassificationwiththeaim of

classifyingAmharictextnewsautomaticallyusingneuralnetworkslearningmethod

called learning vectorquantization.Firsttextpreprocessing techniques has been
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applied on the datasetwhich includes tokenization,removing ofstop-words,and

stemming. The remaining terms are organized according theirfrequency.Two

weighting schemes, Term Frequency (TF) and Term Frequencyby Inverse

DocumentFrequency (TF*IDF),are used so as to weightthe features in news

documentstoconstructnewsbyfeaturesmatrix,whichisfedtothelearningalgorithm

andTheresultshowsthattheterm frequencyweightingschemeoutperformsterm

frequency×inversedocumentfrequencyweightingschemeby3.54%onaverage.Using

theTFweightingmethod,94.81%,61.61% and70.08% accuraciesareobtainedwith

three,six and ninecategoriesexperimentsrespectivelyandtheaverageaccuracyis

75.5%.Forsimilarexperiments,UsingTF*IDF weighting method anaccuracyof

69.63%, 78.22% and 68.03% isobtained with three, six and ninecategories

experimentsandanaverageaccuracyis71.96%.

Alemu[4],attemptsahierarchicaltextclassificationofAmharicnewsitemsusing

supportvectormachine.Theresearchhasanaim ofconstructinghierarchicalclassifier

andithasevaluatedtheperformanceofthehierarchicalclassifierovertheflatclassifier

withsamedataset.Theresultoftheexperimentshowsthattheperformanceofthe

classifierincreasesasitmovesdownthroughthehierarchy.Besides,thehierarchical

classifieroutperformstheflatclassifierswithsamedataset.

Gebrehiwot[3],attemptedtodesignatwo-stepTigrignatextcategorizationsystem.

First,clusteringistechniquesareappliedtothedataforfindingnaturalgroupingofthe

unlabeled Tigrigna textdocuments.Here,repeated bisection and directk-means

clusteringalgorithmsareusedtoobtaindocumentsofnaturalgroupoftheTigrigna

dataset.Therepeatedbisectionclusteringalgorithm outperformsthedirectkmeans

clustering algorithms. So,the repeated bisection clustering algorithm resultsare

selectedforclassificationtask.Second,decisiontreeandsupportvectormachine

techniquesareusedforclassificationtask.TheSMOsupportvectormachineclassifier

performsbetterthanJ48decisiontreeclassifierwith82.4%correctclassification.

Animut[17]triedtoexploreasemi-supervisedtextclassificationusingtheAmharictext

documents.Atotalof3,154newsarticleswereusedtodotheresearch.Tocomeup

withgoodresultsdocumentpreparationandpreprocessingwasdone.Wekapackageis
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usedfortheclassificationofthepreprocesseddata. Machinelearningtechniques,

Expectationmaximizationclusteringalgorithm withNaïveBayes,Hyperpipe,andRBF

Networkclassificationalgorithm wereusedtocategorizetheAmharicnewsitems.The

accuracyoftheclassifierswasbetterwhenthenumberofclassesisless.Thebest

resultwasobtainedbytheNaïveBayes,HyperpipeandRBFNetworksclassifierswith

fourclasses(83.44%,82.8and82.4%)andtheleastperformanceisshownonthe10

categories(55.42%,57.26%and51.9%)respectively.ThestudyalsoindicatedthatNaïve

BayesismoreapplicabletosemisupervisedcategorizationofAmharicnewsitems.

Kemal[33]investigatedtheapplicationofmachinelearning techniquesforautomatic

categorizationof Afan Oromo news textusingDecisionTreeandSupportVector

Machine Classifier.Annotatednewstextsareusedtotrainclassifierswithsixnews

categories:sport,business,politics,health,agriculture,andeducation.824totaldata

setofnewstextswereusedtodotheresearch.Tocomeupwithgoodresulttext

preparationandpreprocessingwasdone.Thebestresultobtained byDecision Tree

ClassifierandSupportVectorMachine is on six categories data(96.58,84.93%)

respectively. This research indicatedthat Decision Tree Classifier is more

applicable toAfan Oromo news textthan the otherclassifiers.The10foldcross

validationwasusedfortestingpurposes.

NaolandGetachew[7]attemptedtopresentsAfanOromotextcategorizationsbyusing

clustering&classificationapproaches.Theaim ofwastodesign,andimplementAfan

Oromononfictiontextcategorizationmodel&examiningtheapplicationofmachine

learning techniquesfor automatic Afan Oromo nonfiction text categorization

system. Data is collected from Oromia Culture and Tourism Bureau,Oromo

culturalcenter,online electronic documentsand othernonfictionbooksavailable.

Pythonprogramminglanguageisusedfortokenize,removestopwordsandstem Afan

Oromo nonfiction textwords whereas R programming languagewas utilized for

document indexing,Normalization,cosinesimilarity,andpreparingdocumentsfor

machinelearning.WekawithjavaisusedforsplittingAfan Oromo nonfiction text

documentdatasetintotrainsetandtestset.AgainWekaisusedforclusteringand

classificationofAfanOromononfictiontexts.Byusingk-meanalgorithm clustering
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taskswereperformedfourtimestogetclassesofdocuments.Amongthose,one

clustering wasresulted in clusterwith 8 main categorieswere obtained asgood

clusters. J48,Naïve Bayes,Bayes Net,and SMO classifier algorithms were

implemented fortraining textclassification modelusing the 8 main classes of

documents.Among those classifications algorithms,J48 algorithm showshigher

performanceof94.3755% and henceitwasutilized forconstructing classification

model.From thisworktheyconcludethatmachinelearningtechniquescanbeapplied

forAfanOromononfictiontextcategorization.

2.8.2.Worksdoneinjobvacancycategorization

JohnLynch[20],proposedajobtitleclassificationsystem usingRandom Forestand

SupportVectorMachinessupervisedlearningalgorithms.Thegeneratedprediction

modelsmakepredictionbasedontheTop30mostfrequentlyoccurringJobTitlesData

(jobdescriptions)labelledwithJobTitlescollectedfrom apopularnationaljobpostings

website (www.irishjobs.ie). The data was collected via web scraping from

www.irishjobs.ie;apopularIrishjobadvertisementwebsite.Thiswebsitewasselected

asithasabroadrangeofjobpostings.Atotalof10,294datasetiscollectedwhichare

activeasof1June2017.ThewebscrapingisdoneusingtherevestpackageonrAfter

Severalstandardtext-pre-processinginordertoreducedimensionalityofthecorpus

FeatureengineeringwasusedtocreateaDataModel(s)ofselectedrepresentative

keywordgeneratedonthebasisofterm frequency.ThebestmodelwastheSVM linear

kernel-basedmodel,whichhadanAccuracyrateof71%,MacroAveragePrecisionof

70%,MacroAveragedRecallof67%andaMacroAverageF-Scoreof66%.WhereasThe

leastmodelwasRandom Forestbasedmodel;withaAccuracyrateof58%,Macro

AveragePrecisionof56%,MacroAverageRecallof55%andMacroAverageFScoreof

56%.Attheendtheresearcherrecommendedtoapplyamoreadvancedtextprocessing

methodsusingNLPdictionaries,whilemorecomplexmachinelearningtechniquescan

beemployedsuchasensemblemethodstoimprovepredictivepower.Andothersimilar

andparallelresearchonweb-basedtextmining,linkingendsofactivitytotheirintrinsic

componentsmayusethedescribedmethod.Thiscouldbeappliedtodomainssuchas

marketingandmedicalcategorization.
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Amato,Flora,etal[18],proposedclassificationofWebJobAdvertisements:ACase

Studyusingdifferenttechniques.Atotalof40,000vacanciesscrapedfrom 12Web

sourcesandasubsetof412joboffersselectedforbeingarepresentativesample.Then,

eachjobvacancyhasbeenmanuallylabelledbydomainexpertsatCRISPResearch

CentreusingthequalificationcodesoutlinedintheCP2011classifier,bylookingatboth

offertitlesandfulldescriptionstoassignlabels.Thissampledatasetwasbeusedasa

goldbenchmarktoevaluatetheclassificationtechniqueoutcomes.

Furthermore,acommontextpreprocessingpipelinewasusedbeforeapplyinganyof

theapproachesappliedthatincludes:tokenization,lowercasereduction,htmlspecial

characters substitution,stop words removal,misleading words elimination,and

numberselimination.ThewordstemmingwasperformedusingtheItalianstemmer

providedbytheNLTKframeworkversion3.0a3[16].Finally,inthisexperimentalphase

onlyjobtitleshavebeenconsideredasinputoftheclassificationprocess.Thenexplicit

rule-basedapproachisappliedfortwogoal:(i)toidentifytherelevanttermsusedin

vacancyWebads,and(ii)torelatethem totheoccupationcodesusedintheCP2011

classifier.

Then,twomachinelearningclassifierswereusedtoperform thetextclassification

purposes:theLinearSVC(animplementationofSupportVectorMachineClassification

usingalinearkernel)andthePerceptronclassifier,bothbuiltusingtheScikit-learn

framework.A gridsearchoftheclassierparametersmaximizingtheclassification

accuracywasperformedonbothclassifiers.Next,LDA basedapproachisapplied.

Graphwasbuilttocomputethedistancebetweentwooccupationso1,o2asthe

shortest-pathbetweenthem.

TheresultshowedthattheLDAapproachhasthelowestaverageshortest-pathlength.

ThismeansthatLDA tendstoclassifyajobofferoveranoccupationcodethatis

distantaveragely1:5from thecorrectclassification,whilerules-basedapproachhere

hastheworstperformance,mainlyduetounclassifiedjoboffersthatautomatically

assignstoitthemaximum distance.Furthermore,ifinfrequentjoboffersneglectthe

(theonesoccurringlessthan5timeinthesample)allthedistancevaluesimproveand,

here,thelinearSVCreachesanaveragedistancelessthan1.Inotherwords,theSVC
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classieraveragelyclassifiesoveranoccupationcodethatisaonewiththerightone.

Forsupervisedlearningapproachesthehighestthenumberofjobofferswiththesame

code,thelowesttheaveragedistancefrom thegoldbenchmark.Differently,rule-based

algorithm performsaveragelywellevenoninfrequentjoboffers.

Theresearchersuggestedthattoconsiderthefulldescriptionsofjobvacanciesandto

tackletheincreasedcomplexityoflonger(andnoisier)textsthroughcomputational

linguisticapproaches.(inadditiontooccupationcodes)e.g.,therequiredskills,contract

types,businesssectors,educationlevels,etc.

As perthe review ofrelated works, the attempts done forcategorizing job vacancy

announcementfocused on textwritten in English and the localworks done on text

categorization focused on newsdomain.To fillthe gap in research worksand towards

automatingsearchforjobvacancyannouncementsthereisaneedtoconductfurtherstudyfor

thecategorizationofjobvacancyannouncementstextwritteninAmharic.
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CHAPTERTHREE

THEAMHARICLANGUAGEANDITSWRITINGSYSTEM

3.1. Overview

Amharic (ኣማርኛ -amarəñña)isanEthiopianlanguagewhichcomes from Semitic

languageandusedasfirstlanguagebyAmhara (አማራ)whichisfoundin thenorthern

Ethiopia[17].TheAmhariclanguageisregardedtobethelanguage'shistoricalcenter.

ItisEthiopia's(ኢትዮጵያ)workinglanguage.Themajorityofthe25millionorsoAmharic

speakersliveinEthiopia,althoughthelanguageisalsospokeninanumberofother

countries,includingEritrea(ኤርትራ),Canada,theUnitedStates,andSweden[17][19].

TheFederalGovernmentofEthiopia'sworkinglanguage,Amharic,isspokenandwritten

asafirstorsecondlanguageinmanypartsofthecountry.Amharic,likeotherEthiopic

scriptlanguages(Gurage,Harari,Tigre,andTigrniya),usesfidel(ፊደል)characters,which

aremostlyderivedfrom Geez[1][17].Around1986,theEthiopicscriptwasfirstshown

onacomputer.Thedifficultyincomputerizingthescriptatthetimewasdesigninga

softwarepackagethatcouldhandlecharacterdesign,keyboardlayout,andprintersetup.

TheworkbyESTCstartedanenthusiasticrushtodevelopEthiopicsoftwarebyvarious

ITcompaniesandteamsofindividuals,resultinginalackofuniformityonacomputer

around1986.Morethan35Ethiopicsoftwareapplicationsarecurrentlyavailable,each

withitsowncharacterset,encodingscheme,typefacenames,andkeyboardlayout.The

recentaddition ofthe Ethiopic range to the Unicode standard may aid in the

standardizationofpreviouslyincompatibleapplications[17].

3.2. TheAmharicCharacters(ፊደል)

Alphabetswhichisalsoknownascharacters,Fidel(ፊደል)inAmharicisasetsofletters

arrangedinfixedordersofthelanguageandisusedtorepresentaphoneme[17].It

containconsonantsandvowels.TheAmharicwritingsystem consistsofacoreofthirty

threecharacterseachofwhichoccurinonebasicform andinsixotherformscalled

orders.Thesevenorders(the1st basic form and restsix orders)ofthe Amharic
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scriptrepresentthedifferentsoundsofaconsonant-vowelcombinationknownas

syllabic[4][53].Accordingto[53][4],eachcharacterdescribes aconsonanttogether

with its vowel,thevocalic symbolcannot be detached from the consonant

element.Thus,Amharicdoesnotuseindependentsymbolsforvowels.The non-basic

formsarederived from thebasicformsbymore-or-lessregularmodifications[54].

TheAmharicalphabetdoesnothavecapitalandlowercasedistinctions.Alistofthe

Amharicalphabets(ፊደል)withitsordersisshowninappendixI.

3.3. AmharicPunctuationMarks

Punctuationiscommonlyemployedinlanguagestocreateasoundgapbetweenwords

orphrases.Amharichasitsownsetofpunctuationsigns,someofwhichareuniqueto

thelanguageandotherswhichhavebeentakenfrom otherlanguages.Thereare

approximately17punctuationmarksinAmharic[4].Sampleofpunctuationmarksused

inAmhariclanguageisshownintable3.1.ThecompleteislistedinanappendixII.

Table3.1SamplePunctuationMarksusedinAmharic(Source:[4])

Mark Amharic

Meaning

English

Meaning

Uses

፡ ሁለትነጥብ Space Toseparatewords

Uniqueto

Amharic

Language

፡፡ አራትነጥብ Fullstop Toseparatesinglephrases

፣ ነጠላሰረዝ Comma Toseparatesinglephrases

፤ ድርብሰረዝ Semicolon To separate more than single

phrases

? ጥያቄምልክት Question

Mark

Toemphasizeasentencespoken

Borrowed

from

Foreign

Language

! ቃለአጋኖ Exclamation To give to a spoken word,phrase

orsentence

“” ትምህርተጥቅስ Double

Quotation

Toemphasisonesspeech,

says,etc
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3.4. AmharicNumberSystem

Amharic numbering system uses Ge’ez numbering system [3].According to [54],

Amharicnumbercharactersarederivedfrom Greekletters,andsomeweremodifiedto

looklikeAmharicfidel.InAmhariclanguagenumbersonetoten,multiplesoften

(twentytoninety),hundred,andthousandarerepresentedbysinglecharacters.A

horizontalstrokerunsaboveandbeloweachsymbol.IntheAmharicscript,thereisno

symbolforzero.As a result,arithmetic computations utilizing the symbols are

extremelycomplex,assumingtheycanevenbedoneatall.Asaresult,Hindu-Arabic

numeralsarecommonlyused.Datesandpagenumbersintextaregenerallywrittenin

Ethiopicnumeralsystems[54].SampleAmharicnumbersareshowninappendixIII.

3.5. Amharicwordclass

As otherlanguages Amharic language has setofstructuralrules governing the

compositionofsentences,clauses,phrases,andwordsinagivennaturallanguage

whichisknownasgrammar(ሰዋሰዉ).AccordingtoAbeba[55],therearefivewordclasses.

Thesearenoun,verb,adjective,adverbsandprepositions.

AmharicNouns

Nounsarewordsthatareusedtodesignateasetofnames,things,orlocations,etcin

theAmhariclanguage[55].Amharicnounshavethepossibilitytohaveuptotwo

prefixandfoursuffixesforeachstem [56].Accordingto[56]Amharicnounshavethe

followingcommonstructuresandproperties.

 ኦች(readas“och”)morphemeasapluralmarker

 Inthesentencenounscanbeusedasasubject.

 Nounscanalsobeusedasobjectinthesentence

 Andcantakemodifiersandquantifier

AmharicAdjectives

AdjectivesinAmhariclanguageisusedtomodifynounsorapronounsbydescribing,
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identifying,orquantifyingwords[55][56].Adjectivesfrequentlycomesbeforenounor

pronounthattheymodifyandgivesmoreinformationaboutnounorpronounit

modifies.Butalwaysthewordswhichcomesbeforenounscan’tbeanadjective.

Objectscanbedifferentiatedfrom eachotherbyattributeslikecolor,shape,behavior,

etc.andthatdifferencesaredescribedbymeansofadjectivewordclass.

Forexample,ጥቁርጃኬትwhichmeansblackjacket.Intheaboveexampletheword

ጥቁር/black is an adjective thatmodifies the nounጃኬት/jacket.Itgives more

informationaboutthecolorofthejacket.

AmharicVerbs

Verbisawordthatindicateaction[55].Itcanbedescribedasawordusedtoshow

thatanactionistakingplace,awordtoindicatetheexistenceofastateorcondition

[56].Amhariclanguageverbsareverycomplexconsistingofastem anduptofour

prefixesandfoursuffixesandareinflectedforperson,gender,number,andtimewith

thebasicverbform beingthirdpersonmasculinesingular.Verbsinpassivevoiceare

markedbysuffixesthatdependonpersonandnumber.

AmharicAdverbs

Anadverbisaterm thatmodifiestheverbthatfollowsit[56].AdverbsinAmhariccan

signifytime,manner,place,cause,ordegree,andcanalsoanswerquestionslikeእንዴት

"how",መቼ"when",የት"where".Thereareonlyafewprimitiveadverbsandtheseare:-ገና

“yet”,ክፉኛ“severely”,ቶሎ“quickly”,ጅልኛ“foolish”,etc[55].

Preposition

Amharicprepositionsarewordswhichareusuallyusedbeforenounstoshow their

relationtoanotherpartofaclauseandtheyarelimitedinnumber[55][56].Some

examples ofprepositions are:-እንደ/like,ስለ/for, ከ/from,ወደ/to, etc.Amharic

prepositionshavemeaningonlywhentheycombinedwithotherwordclass.Sothat

theyareusedasaffixesbycomingbeforeandafterwords.SomeexamplesofAmharic

prepositionsthatcomebeforewordsandafterwordsare:-ስለ/for,እንደ/likeand

አጠገብ/nearto,ማዶ/beyondrespectively.,
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3.6. AmharicMorphology

Amharic,likeotherSemiticlanguages,hasamorphologicallycomplicatedstructure[57].

Asstatedby[58]tense,aspect,andmood;differentderivationalcategoriessuchas

passive,causative,andreciprocal;polarityaffirmative/negative);relativization;anda

varietyofprepositionsandconjunctionsareallconveyedviaAmharicmorphemes.Verb

stemsinAmharic,asinotherSemiticlanguages,aremadeupofaroot+vowels+

templatemerger.Forexample,therootverbsbr+ee+CVCVC,whichleadstothestem

seber(“broke”)[57][58].A rootrepresentsagroupofconsonantswithacommon

lexicalmeaning.This non-concatenative morphologicalproperties makes Amharic

morphology analysis more complex.In addition to this affixes also construct

inflectionalandderivationalmorphemesinAmharic.Prefix,infix,suffix,andcircumfix

areallexamplesofaffixation[58].

Amharicnounsareinflectedforcase(i.e.accusative/objective,possessive/genitive),

number,definitenessandgender.AdjectivesinAmhariccanbemarkedfornumber,

definiteness,cases,andgenderinthesamewayasnounscan.Exceptforcertainplural

construction,theaffixationofmorphemestoconveynumbersissimilartothatofnouns.

Theverbisinflectedforperson,voice,tenseaspectmood(TAM),number,genderand

mood.Asaresult,asingleverbalrootcanyieldtensofthousandsdifferentverbs.

NounsinAmhariclanguagecanbederivedfrom nounsitself,verbalroots,adjectives,

stems,stem likeverbs.Thereareonlyafew primaryadjectives(non-derived)inthe

language.Ontheotherhandmanyadjectivescanbederivedfrom stems,compound

words,nounsandverbalroots.Itcanalsobederivedbyintercalatingvocalicpartsinto

rootsoraddingasuffixtoboundstems.Amharicverbscanalsobederivedfrom

differentverbalstemsinmanyways[57].

3.7. ProblemsinAmharicWritingSystem

ThereareseveralproblemsperceivedintheAmhariclanguagewritingsystem.These

problemsarediscussedasfollows.

Existenceofcharactervariants:TherearedifferentOne ofthe problems in Amharic
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writing is the redundancy ofsymbols used with the samepronunciation.That

meanstherearesomelettersthatareusedforrepresentingsimilarsoundinAmharic

[1].AlthoughintheGe’ezlanguage,thesedifferentsymbolsgiveeachworddifferent

meanings,intheAmhariclanguagetheyhavebeenusedinterchangeably.Forexample,

considerሀ,ሐandኀ.Sincealloftheabovethreelettershavedifferentsymbols,they

havethesamepronunciationh.Similarlybothሠandሰhavethesamepronunciation

(/s/),ዐandአarepronouncedas/a/andጸandፀarepronouncedas(/s’/).

Spellingvariationofthesameword:Onecanimaginehowthemeaningoftheoriginal

wordisdivertedtodifferentcontexts.Spellingvariationofthesameword:thesame

wordiswritteninvariousforms.Forexample,theword‘ሰምቶአል’(‘hehears’)can

bewritteninAmharicasሰምቶአል,ሰምቷል,ሰምትዋል,etc.Spellingvariationmayhappen

alsointhecaseoftranslatingforeignwordtoAmharic.Theproblemsresultedfrom use

ofloanwordsthatareborrowedfrom otherlanguagesandthatdonotpossesstheir

owntranslationinAmharic.Forinstance,thewordsponsortransliterateddifferentlyas

ስፖንሰርorእስፖንሰር.

FormationofCompoundNouns:InAmhariclanguagecompoundnounsaresometimes

writtenastwoseparatewords.Forexample,ቤተ-ሙከራwhichmeans“laboratory”vanbe

writtenasቤተሙከራorቤተሙከራ.ThishappenedtobeinconsistentinAmharictextsand

shouldbeconsideredinautomaticclassification[54].

InconsistencyofAbbreviation:Abbreviationofconceptisanotherproblem thatleadsto

inconsistencyproblemsforautomaticclassification.Forinstance,thephraseorዓመተ

ምህረትwhich meansAD can be written asዓ.ም,ዓ/ም orዓ-ም which resultin an

inconsistencyofabbreviatingAmharicwords.Thesedifferentrepresentationsofthe

samewordcreatehighdimensionalvectorspaceandithasanegativeeffectonthe

performanceoflearningalgorithms[17].Though,intextclassificationtaskssuchwords

shouldcomeintoonecommonform.
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CHAPTERFOUR

METHODSANDAPPROACHES

4.1. Overview

Thischapterbrieflydiscussesthegeneralarchitectureoftheproposed model,data

preprocessing processes and algorithm selected for categorizing job vacancy

announcementtext. AsnotedbyGonfalonieri[59],machinelearningmodelsheavily

dependondataandtrainingdatasetisrequiredinordertoapplymachinelearning

algorithms.Trainingdatasetistheactualdatasetusedtotrainthemodel.Withouta

foundationofhighqualitytrainingdata,eventhemostperformingalgorithmscanbe

rendereduseless[60].Soitisimportanttogiveattentiontothepreparationofquality

data[59].

Eachstepusedforpreparingdatainthisstudyisclearlydiscussedinthefollowingsub-

sections.First,we presentthe proposed architecture thatdescribes components

integratedforthepurposeofcategorizingjobvacancyannouncement.Thisisfollowed

withadiscussionofmethodsandalgorithmsusedfordatasetpreparation,machine

learningandevaluationoftheprototype.

4.2. ProposedArchitecture

Theproposedarchitectureforjobvacancyannouncementtextcategorizationisshown

infigure4.1.Theproposedarchitectureiscomposedofthefollowingstages.Theseare

document preprocessing, classification and testing of the model. Document

preprocessingtasksincludetokenization,normalization,removalofstopwordsand

stemming.
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Oncedocumentpreprocessingtaskisdone,thedatasetsisdividedastrainingand

testingdataanditisconvertedintoanappropriateformat(i.e.intotheform thatis

suitable formachine learning algorithms).Then learning algorithms process this

datasetandclassifythetexttoitscategory.Theperformancesofthoseclassification

algorithmswillbeevaluatedbyusingfourclassificationevaluationmetrics,suchas

accuracy,recall,precisionandF-measure.Finallythealgorithm thatperformsthebestis

selectedtoconstructtheclassificationmodelforAmharicvacancytextanditistested

usingconfusionmatrix.
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Tasks
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Figure4.1TheProposedArchitectureofVacancyTextCategorization

4.3. DatasetCollection

ThedatasetusedforconductingthisresearchisAmharicvacancytextwhichis

collected from different job posting websites (https://jobwebethiopia.com,

https://ethiojobs.net,https://www.ethiopianreporterjobs.com).Detailofdatacollection

fortrainingandtestingisshownintable4.1.

Table4.1Summaryofdatacollectedfrom differentjobpostingwebsites
Websites Size Percentage(%)

https://jobwebethiopia.com 614 36.5

https://www.ethiojobs.net 421 25.1

https://www.ethiopianreporterjobs.com 645 38.4

Total 1678 100

Inthisstudy,thevacancytextusedtoconducttheexperimentsiscollectedfrom the

abovedifferentwebsitesusingdataminerwebscrapingtool.DataMinerScraperisa

dataextractiontoolthatletsusersscrapeanyHTMLwebpage[61][62].Itisabrowser

extensionsoftwarethatassistsyouinextractingdatathatyouseeinyourbrowserand

saveitintoanExcelspreadsheetfile.Ithelpstoextracttablesandlistsfrom anypage

anduploadthem toGoogleSheetsorMicrosoftExcel.WithScraperyoucanexportweb

pagesintoXLS,CSV,XLSXorTSVfiles(.xls.csv.xlsx.tsv)[61][62].Inthecurrent

researchthistoolisusedtoscrapethevacancytextfrom theabovesourcesand

exportedas.xlsxfile.Moreover,sincenotallcontentsofthedocumentareimportantto

categorize the documentthe researcherconsiderjob requirementoreducational

backgroundtoclassifythedocumentasitcontainscompleteinformationthanjobtitle.

Onethousandsixhundredseventyeight(1678)vacancytextdocumentswerecollected

from theabovesourcesforagriculture,businessandeconomics,computerscienceand
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relatedfields,engineering,health,law,naturalscienceandsocialsciencefields.Detail

forthenumberofdatasetsforeachcategoriesispresentedonchapterfiveontable5.1.

Outofthesedatatheresearcherselectedonethousandsixhundredten(1610)datato

conducttheexperiment.Thereasonwhytheresearcherselectedonly1610from the

totaldatasetisthat;someofthesedatadoesnotcontainfullinformationorsome

informationaremissing.Thatmeanstherearepositionsthatdonotcontaineducational

backgroundlike“motorist”.Aseducationalbackgroundisconsideredinthisstudyfor

categorization ofjob vacancy announcements,job positions missing educational

backgroundisremovedfrom thedataset.

4.4. PreprocessingVacancyText

OnlinetextscontainusuallylotsofnoiseanduninformativepartssuchasHTMLtags,

scriptsandadvertisementsandonwordslevel,manywordsinthetextdonothavean

impactonthegeneralorientationofit[63].Inordertomakeadocumentreadyfor

modelbuildingandevaluation,preprocessingtaskisveryimportant.Itisrequiredto

makereadythedatasetusedfortrainingandtestingmachinelearningalgorithms.Itis

themethodtoimprovetheaccuracy,efficiency,andscalabilityoftheclassification

process. Inordertogetbetterexperimentalresults,languagedependentdocument

preprocessingshouldbeperformedbeforeautomaticclassificationisimplemented.

Textpreprocessingisthetaskbywhichthetextismadecomfortabletothelearning

algorithm.Inofthecurrentstudythisstepisappliedtoconvertraw datainanatural

languageprocessingtothemostimportanttextfeaturesthatusedtoidentifybetween

text-categories.Inthisstudypreprocessingofvacancytextisappliedbeforetheyare

usedforthecategorizationtask.Thepreprocessingtaskcomprisesaremovalofnon-

informativewordsorcharactersfrom thetext[3][4][5][17].Thedifferenttasks

performedduringthepreprocessingphasearetextcleaning,normalization,tokenization,

caseconversion,stopwordremoval,stemmingandterm weighting.Detailsofthese

tasksarediscussedinthefollowingsubsections.
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4.4.1.DataCleaning

Datacleaningisperformedbeforeapplyingthetextcategorizationprocess.Textdata

containsalotofunnecessarytokenslikedigits,punctuationsandsymbolsthatshould

be removed before performing any further operations like tokenization,and

normalizationsIfthesetokensandcharactersremaininthedocument,thenitmay

corruptthedocumentandmakesthetaskofpreprocessingchallenging.Thealgorithm

used forremoving unwanted charactersworksasfollows.Specialcharactersand

numberslistforexample1,2,3…/,::,፤,፣,?,...ispreparedandtokenizedwordsare

checkedwhetheritinthislistornot.Ifthetokenisinspecialwordlistitisremoved;it

willremainotherwise.Thealgorithm usedforremovingunwantedcharactersanddigits

isshownbelowinFigure4.2.

Figure4.2AnAlgorithm toRemoveUnwantedCharactersandDigits

TherearesomevacancytextswritteninEnglishlanguage.TheresearcherusedGoogle

TranslatorAPItotranslatethesetextswritteninEnglishintoAmharic.Sincethereare

fewnumberofabbreviationsinthedatatheseareexpandedmanually.

Algorithm RemoveUnwantedCharachtersAndDigits()

Openfile

Openlistofspecialcharacters

Whilenotendoffile

Ifacharacterisinlistofspecialcharactersornumberthen

Removecharacter

Endif

Endwhile

Returncleanedtext

EndAlgorithm
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4.4.2.AttributeSelection

Vacancytextcanbecategorizedbasedondifferentparameterslikejobitems,locations,

experience,levelofeducation,employmenttypeandeducationalbackgroundoneach

jobpostingwebsite.Amongtheseparameterstheresearcherselectedtocategorizethe

vacancytextbasedontheiritemsorcategoriesusingeducationalrequirement.Most

researchesdoneonvacancyannouncementhadusedjobtitlestocategorizevacancy

textsintotheirpredefinedcategories.Butjobtitledoesn’tgivefullinformationfor

classification[18].

Sincethevacancytextusedinthisresearchistakenfrom thewebsitesthatcategorize

eachjobannouncementbytheireducationalbackground.Asaresultthesejobitems

thatplacedunderonecategoryistakenasinstancesforthatcategory.Forexamplethe

classlabelforthesejobitemsunderengineeringare“engineering”andthesameistrue

forothercategories.

Sincemostvacanciesannouncedas;forinstance,informationtechnology,computer

science,informationsystemsandrelatedfields,wehavecategorizedrelatedfieldsasa

singlecategory.Categorizingtheserelatedfieldsintoasinglecategoryisusedto

minimizetheredundancyoftextinthedataset.Thejobannouncementthatdoesnot

containeducationalbackgroundisnotconsideredinthisstudy,where1610dataset

witheightcategoriesareselectedtoconducttheexperiment.Thedetailedcategories

usedwillbediscussedunderchapterfive,section5.2.

4.4.3.Tokenization

Formanynaturallanguageprocessingtasks,weneedtofirstaccesseachwordinthe

string.So to access each word,the textshould have to be broken into smaller

components.Tokenization isthe textpreprocessing taskofbreaking up textinto

smallercomponents oftextknown as tokens which are bases fordocument

representation [5][64].Words,numbers,punctuation marks,and others can be

consideredastokens[65].Furtherprocessingisgenerallyperformedafterapieceof

texthasbeenappropriatelytokenized. 
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Tokenisasingleentitythatisabuilding blocksforsentenceorparagraph[66].

Sentencetokenizeralgorithm breakstextparagraphintosentencesandWordtokenizer

breakstextparagraphintowords[66].Sentencetokenizeralgorithm readsthecleaned

textfilelinebylineuptotheendoffileandbreaksthewordsineachlineintotokensby

usingspacesbetweenwordsandcharacters.Thealgorithm forwordtokenizationis

showninFigure4.4below.

Figure4.4AnAlgorithm toTokenizeVacancyText

4.4.4.Normalization
InAmhariclanguagewritingsystem therearesomecharacterswiththesamesoundbut

have differentsymbols.These differentsymbols mustbe considered as similar

becausetheydonothaveeffectonmeaning[17].Asaresult,inthisstudy,alldifferent

symbolsofthesamesoundareconvertedintoonecommoncharacter.Thus,for

example,ifthecharacterwasoneofሐ፣ሓ፣ሃ፣ኀorኃ(allofthem withasimilarsound,h)

thenitwasconvertedtoሀ.Bythesametoken,allordersofሠ(withthesounds)were

changedtotheirequivalentrespective ordersofሰ,allordersofዐ(withthe sounda)

werechangedtotheirequivalentrespective ordersofአ,allordersofፀ (withthe

soundtse)werechangedtotheirequivalentrespectiveordersofጸ.Thealgorithm for

normalizationworksasfollows.Listofsimilarcharacterstobenormalizedwithits

correspondingselectedreplacementcharacterispreparethenthealgorithm checksfor

characters with the same sound in the tokenzed words and replace itwith the

correspondingreplacementcharacterwhichispreparedlist.Thealgorithm isshownin

Algorithm tokenization()

Openfile

Readthecontentofthefilelinebyline

Whilenotendoffile

Splitintowordbyspace

Endwhile

Returnlistoftokenizedwords

EndAlgorithm
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Figure4.3.

Figure4.3AnAlgorithm tonormalizeAmharicCharacters

4.4.5.StopWordRemoval

Stopwordsarethemostcommonwordsinanynaturallanguage.Forthepurposeof

analyzingtextdataandbuildingcategorizationmodel,stopwordsmightnotaddmuch

valuetothemeaningofthedocumentsincetheycarrynopredictiveinfluenceofthe

modelandcanalsoberemoved[67].Removingstopwordsisnotahardandfastrulein

NLP.Itdependsuponthetaskthatweareworkingon. Fortasksliketextcategorization,

wherethetextistobeclassifiedintodifferentcategories,stopwordsareremovedor

excludedfrom thegiventextsothatmorefocuscanbegiventothosewordswhich

definethemeaningofthetext.However,intaskslike machinetranslation and text

summarization,removingstopwordsisnotadvisable[68].Thebenefitsofremoving

Algorithm convertIntoOneCommonCharacter()

Openfile

Openlistofsimilarcharacters

Whilenotendoffile

Ifcharacterinlistofsimilarcharacters

Replacecharacterswithselectedcharacter

Endif

Endwhile

returnlistofconvertedwords

Endalgorithm
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stopwordsincludethefollowing[68].First,itdecreasesdatasetsizeandthetimeto

trainthemodel.Italsohelpstoimprovetheperformanceoftheclassifierasthereare

fewerandonlymeaningfultokensleft.Thealgorithm usedtoremovestopwordswork

asfollows.ListofcommonAmharicstopwordsandstopwordsconsideredinthis

researchispreparedandsavedasseparatefile.Thenthealgorithm readvacancytext

andcheckifthewordisinthelistofstopwords.Ifthewordisfoundinthelistofstop

words;thewordisremoved.Otherwisethetextismovedtothenon-stopwords.Figure

4.5presentsthealgorithm usedforstopwordremovalfrom thedataset.

Figure4.5AnAlgorithm forStopWordRemovalfrom VacancyText

4.4.6.Stemming

Stemmingisaprocessoflinguisticnormalization,whichreduceswordstotheirword

rootorchopsoffthederivationalaffixesofaword.Forexample,Amharicwords,

"ማህበራዊ”;“በማህበር”arereducedtothestem word“ማህበር”[66].Stemmingwordshelps

todefinewordsinthe same contextwith the same term and thisconsequently

reduce dimensionofthewordinthetrainingcorpus[3].Stemmingprogramsare

commonlyreferredtoasstemmingalgorithmsorstemmers.Stemmingisanimportant

partofthepipeliningprocessinNaturallanguageprocessing.Tokenizedwordsare

givenasaninputtothestemmer[69].Eveniftherearedifferentfamousstemming

Algorithm stopWordRemoval()

Openfile

OpenlistofAmharicstopwords

Whilenotendoffile

Ifawordexistinstopwordlistthen

Removeaword

else

Movetonon-stopwordlist

endif

endwhile

returnnon-stopwordlists

EndAlgorithm
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algorithms,suchasporterstemmerforEnglish,theycannotbedirectlyappliedforlocal

languages.Asaresult,theresearcheridentifiedtheprefixandsuffixesinAmharic[4],

andwroteacodebyusingpythonprogramminglanguagetoremovetheseaffixes.The

algorithm usedtostem Amharicvacancywordsworkasfollows. Listofprefixes,

suffixesandexceptionalwordswereprepared.Exceptionalwordslistarelistofwords

with affixeswhich maychange the meaning ofthe word orreduce the word to

meaninglessifremoved.Considertheword"ከተማ”whichmeanscity.Since“ከ”isin

prefixlistitisgoingtoberemovedandtherestwordremainsmeaningless.Soከinthis

andsuchwordsshouldnotberemovedand"ከተማ”isinexceptionalwordlist.After

openingAmharicvacancywordsthealgorithm checkwhetherthewordstartwithprefix

ornot.Ifwordstartwithprefixandnotinexceptionalwordlistitsprefixisremoved.

Otherwisethewordremainasitis.Similarlyifwordendswithsuffixandnotin

exceptionalwordlistitssuffixisremoved.Otherwisethewordremainasitis.Figure4.6

presentsthealgorithm usedforstemmingvacancytextfrom thedataset.

Algorithm stemming()

Openfilewithlistofwords

Whilenotendoffile

Ifwordstartwithprefix

Ifwordnotinexceptionallist

Removeprefix

Endif

Endif

Ifwordendswithsuffix

Ifwordisinexceptionalwordlist

Normalizeword
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Figure4.6Analgorithm forStemmingAmharicVacancyText

4.5. FeatureExtractionusingTerm Weighting

Afterthewordstemsaregenerated,thenextstepisfeatureextraction.Therelevanceof

awordtothetopicofadocumentismeasuredusingterm weighting.Thesetermsare

identified from training data such thateach class can be represented with the

appropriateterms(classrepresentatives)ofthatclass.Sotheterm weightingmeasures

theimportanceoftheterm torepresentthegivendocumentsandisproportionaltothe

numberoftimesterm appearsinthedocument.Here,thedocument,Disrepresentedin

avectorspaceasfollows.

D=(w1,w2,w3,…w|T|)

Wherewiistheweightofithterm indocumentDand|T|isthetotalnumberofunique

termsinthedocumentcollection.Therearedifferentterm weightingapproachesand

mostofthem arebasedonthefollowingcharacteristics[3].

 Theimportanceofawordtothegivendocumentsisproportionaltothenumber

oftimesitexistsinthedocuments.

 Ifthewordappearsinmostofthedocuments,itsdiscriminatingpowerbetween
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documentsisless.

Themostcommonterm weightingapproachesusedintextcategorizationisterm

frequency×inversedocumentfrequency(TFIDF)weighting[3][5][4].Itiscalculatedby

multiplyingterm frequencybyinversedocumentfrequency.

Term frequency(TF)isatechniqueforweightingbycountingtheoccurrencesofterms,

twithinadocument,dnormalizedbytheamountofwordswithinadocument.

TF(t,d)=
Numberoftimesterm tappersinadocument

Totalnumberoftermsinthedocument

(4.1)

InverseDocumentfrequency(IDF)isusedforfindingtheimportanceofthewordfor

representingadocument.Itisbasedonthefactthatlessfrequentwordsaremore

informativeandimportant.IDFiscomputedbytheformula:

IDF= (4.2)log
N

n
Where,N isthetotalnumberofdocumentsinthecollectionandnisthenumberof

documentscontainingaword.

TF*IDFisanumericmeasurethatisused to scoretheimportanceofaword in

a documentbasedonhow oftendiditappearsindocumentdandacrossagiven

collectionofdocuments,D.

∗( ,d, )=( ,d)×( , ) (4.3)
Wherewdenotestheterm;ddenoteseachdocument;Ddenotesthetotalcollectionof

documents.

TogeneratethedocumentvectorsforconductingtheexperimentweusedTF*IDF

weightingapproach.Andfinallya worddocumentmatrixisconstructed,thatshows

thefrequencyofwordsthatoccurinacollectionofdocuments.

4.6. MachineLearningAlgorithm

Automaticclassificationofdocumentsusingmachinelearningapproachrequiresthe
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learningprocesstobeinitiatedbysupplyingtheexampleslabeledwiththeirclass-

categoryfrom whichthesystemsstartstolearn.AccordingtoSebastiani[26],the

essentialideaistoinferaclassifier(i.e.arulethatdecideswhetherornotadocument

shouldbeassignedtoacategory)from asetoflabeleddocuments(i.e.documentswith

known category assignments).In this study three popular supervised learning

algorithmsareusedtoclassifyvacancytext,whichareNaïveBayesclassifier,SVM

(SupportVectormachine)andKNN(K-NearestNeighbor).

Naïve Bayes classifieruses the jointprobabilities ofwordsco-occurring in the

categorytrainingsetandthedocumenttobeclassifiedtocalculatetheprobabilitythat

thedocumentbelongsto each category.Thedocumentisassigned to themost

probablecategory.Thenaïveassumptioninthismethodistheindependenceofallthe

jointprobabilities[4].

NBclassifierworksonconditionalprobability.Conditionalprobabilityistheprobability

thatsomethingwillhappen,giventhatsomethingelsehasalreadyoccurred.Byusing

conditionalprobability,itispossibletocalculatetheprobabilityofaneventusingits

priorknowledge.NaiveBayesclassifiercalculatestheprobabilityofaneventinthe

followingsteps:[70]

Incaseofasinglefeature

 Calculatethepriorprobabilityforgivenclasslabels

 FindLikelihoodprobabilitywitheachattributeforeachclass

 PutthesevalueinBayesFormulaandcalculateposteriorprobability.

 Seewhichclasshasahigherprobability,giventheinputbelongstothehigher

probabilityclass.

Incaseofamultiplefeature

 Calculatepriorprobabilityforgivenclasslabels
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 Calculateconditionalprobabilitywitheachattributeforeachclass

 Multiplysameclassconditionalprobability

 Multiplypriorprobabilitywithstep3probability

 Seewhichclasshashigherprobability,higherprobabilityclassbelongstogiven

inputsetstep.

SupportVectorMachinesrepresentseverydocumentasavectorandtriestofinda

boundarythatachievesthebestseparationbetweenthegroupsofvectors.Thesystem

istrainedusingpositiveandnegativeexamplesofeachcategoryandtheboundaries

betweenthecategoriesarecalculated.Anew documentiscategorizedbycalculating

itsvectoranddeterminingthepartitionofthespacetowhichthevectorbelongs.

SVM algorithm worksbymakingastraightlinebetweentwopoints.Allofthedata

pointsononesideofthelinerepresentsacategoryandthedatapointsontheother

sideofthelineplacedintoadifferentcategorywheretherecanbeaninfinitenumberof

linestochoosefrom [71].SVM classifierisbetterthanotheralgorithms,likek-nearest

neighbors,inthatitchoosesthebestlinetoclassifyyourdatapoints.Itchoosestheline

thatseparatesthedataandisthefurthestawayfrom theclosetdatapointsasmuchas

possible.

KNNisan effectiveand powerfulclassification and regression algorithm because

itdoesnotassume anything aboutthe data,otherthan a distance measure can

becalculated consistentlybetweentwoinstances.Assuch,itiscallednon-parametric

ornon-linearasitdoesnotassumeafunctionalform [28].

KNNclassifieristopredictthetargetlabelbyfindingthenearestneighborclass.The

closestclassto thepointwhichisto beclassified iscalculated using Euclidean

distance.Thealgorithm worksasfollows:First,givenatestdocumentx,theKNN

amongthetrainingdocumentsarefound.Thecategorylabelsoftheseneighborsare

usedtoestimatethecategoryofthetestdocument.Inthetraditionalapproach,the

mostcommon category labelamongthek-nearestneighborsisassignedtothetest

document[17].



56

KNN algorithmsdecideanumberkwhichisthenearestNeighbortothatdatapoint

whichistobeclassified.Forexample,ifthevalueofkis5itwilllookfor5nearest

Neighborstothatdatapoint.DecidingthekcanbethemostcriticalpartofK-nearest

Neighbors. Ifthevalueofkissmallthennoisewillhaveahigherdependencyonthe

result.OverfittingofthemodelisveryhighinsuchcasesandbiggerthevalueofKwill

destroytheprinciplebehindKNN.SotheoptimalvalueofKcanbefoundbyusingcross

-validation. Thefollowingalgorithm showshowKNNalgorithm works[72]:

o SelectthenumberKoftheneighbors

o CalculatetheEuclideandistanceof Knumberofneighbors

o TaketheKnearestneighborsasperthecalculatedEuclideandistance.

o Amongthesekneighbors,countthenumberofthedatapointsineachcategory.

o Assignthenewdatapointstothatcategoryforwhichthenumberoftheneighbor

ismaximum.

o Ourmodelisready.

4.7. EvaluationTechniques

Inthecurrentstudytheperformanceoftheclassificationmodelisevaluatedbyusing

fourindexes.TheyareAccuracy,Precision,RecallandF1-score.Thecommonwayfor

computingtheseindexesisbasedontheconfusionmatrixasshownbelow[73]:

Table4.2ConfusionMatrix
PredictedClass

Actual

Class

Positive Negative

Positive TruePositive FalseNegative

Negative FalsePositive FalsePositive

Theconfusionmatrixshowstheclassificationresultintermsoftruepositive,rue

negative,falsepositiveandfalsenegative.

 TruePositive:isanoutcomewherethemodelcorrectlypredictsthepositive

class.

 Truenegative:isanoutcomewherethemodelcorrectlypredictsthenegative

class.
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 Falsepositive:isanoutcomewherethemodelincorrectlypredictsthepositive

class.

 Falsenegative:isanoutcomewherethemodelincorrectlypredictsthenegative

class.

Accuracy:istheproportionoftrueresultsamongthetotalnumberofcasesexamined.

Accuracy= (4.4)
TP+TN

TP+FP+FN+TN

Precision:istheratioofcorrectlypredictedpositiveitemstothetotalpredictedpositive
items.

Precision= (4.5)
TP

TP+FP

Recall:quantifiesthenumberofpositiveclasspredictionsmadeoutofallpositive
examplesinthedataset.

Recall= (4.6)
TP

TP+FN
F1score:isanumberbetween0and1andistheharmonicmeanofprecisionandrecall.

F1=2* (4.7)
Precision*Recall

Precision+Recall
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CHAPTERFIVE

EXPERIMENTATIONANDDISCUSSION

5.1. Overview

Inthischapterthedetailsofallexperimentationsanddiscussionoftheresulthavebeen

presented.The experimentation is conducted to see the steps and methods we

followedworksinclassifyingjobvacancyannouncementtextsintotheirpredefined

classes,suchas“ጤና”(health) “ምህንድስና”(engineering),“የኮምፒዉተርሳይንስዘርፎች”

(computing),“ተፈጥሮሳይንስ”(naturalscience)“ማህበራዊሳይንስ”(socialscience),“ህግ”

(law),“ግብርና”(agriculture)and“ቢዝነስእናኢኮኖሚክስ”(businessandeconomics).

Asdiscussedaboveunderchapterfoureachitems/datausedistakenfrom thewebsite

whichhasacategorybasedonjobtitlesandeducationalbackground.Theresearcher

makeslittlemodificationbycombiningtheseitemswhichaskforrelatedfieldslike

computerscience,informationtechnology,andinformationsystem intoonecategory.

Fortheclassificationtask,threealgorithmsareused,suchasSupportVectorMachine,

Naïve Bayes and K-NearestNeighboralgorithms.The resultobtained from the

experimentationisdiscussedandacomparisonoftheseclassificationalgorithmsis

donetoselectthebestclassificationalgorithm amongtheaboveclassifiers.

5.2. DataSetPreparation

For conducting the experimentation data was extracted from

https://www.jobwebethiopia.com, https://www.ethiojobs.net,

https://www.ethiopianreporterjobs.com.usingdataminertool.Atotalof8categories

and1610documentswereusedintheexperimentationprocess.Alldocumentsused

forconductingtheexperimentsarelabeledinconsultationwithdomainexpertsinto

eightclasses:“ጤና”(health) “ምህንድስና”(engineering),“የኮምፒዉተርሳይንስዘርፎች”

(computing),“ተፈጥሮሳይንስ”(naturalscience)“ማህበራዊሳይንስ”(socialscience),“ህግ”

(law),“ግብርና”(agriculture)and“ቢዝነስእናኢኮኖሚክስ”(businessandeconomics).Inorder

tofindhowimportantawordinjobvacancytextisincomparisontootherwords,TF-IDF

term weightingtechniquewasusedtovectorizewords.
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Forconductingtheexperimentsthedocumentsweredividedintotrainingandtestdata

setsusingpercentagesplit.Sothatfrom thetotalofdocuments80%ofthem wereused

totrainthemodel,and20% ofthem wererandomlyselectedfortesting.Accordingly,

1288datasetwasusedfortrainingtheclassifierand322fortesting.Manyresearchers

intextclassificationused20% ofdatasetfortestingandachievedbestaccuracy[2].

Theperformanceofallthealgorithms(suchasNB,SVM andKNN)employedinthe

currentstudywereevaluatedusingthetestdataindividuallybyusingconfusionmatrix.

Atotalofthreeexperimentswereconductedwiththesealgorithms.Allexperiments

havebeendoneinPythonprogramminglanguage(Sklearn)whichispopularforNLP

andtextprocessing.Theresultsofeachalgorithm andfindingoftheresearchare

discussedinthenextsection.Thenumberofjobitemsbycategoriesisshownintable

5.1.

Table5.1JobItemswiththeirCorrespondingNumbers
No. CategoryName Datausedineachcategory

Count %

1. ግብርና/Agriculture 120 7.5%

2. ቢዝነስእናኢኮኖሚክስ
/BusinessandEconomics

234 14.6%

3. ምህንድስና/Engineering 272 17%

4. ኮምፒዉቲንግ/Computing 213 13.3%

5. ጤና/Health 307 19.1%

6. ተፈጥሮሳይንስ/Natural
Science

184 11.5%

7. ህግ/Law 109 6.8%

8. ማህበራዊሳይንስ/Social
Science

170 10.2%
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Table5.2SampleDataSetUsedforExperimentation
EducationalBackground Category

በሲቪልምህንድስናወይምበሌላበማንኛውምተዛማጅመስኮችየመጀመሪያዲግሪ፡፡ Engineering

ሁለተኛዲግሪ/የመጀመሪያዲግሪበነርስ Health

የዩኒቨርሲቲዲግሪበአመጋገብወይምበሕዝብጤና Health

የመጀመሪያዲግሪውንበጋዜጠኝነትእናበኮሙዩኒኬሽን፣በፖለቲካሳይንስእናበዓለም
አቀፍግንኙነት፣በፌዴራሊዝም፣በቋንቋናሥነጽሑፍትምህርት

Social

ዲግሪበጋዜጠኝነትእናበኮሙዩኒኬሽን፣በቋንቋ፣በስነ-ጽሑፍእናውድድር Social

የመጀመሪያዲግሪበግዥእናአቅርቦትአስተዳደር፣አስተዳደር፣ኢኮኖሚክስ፣ቢዝነስ
አስተዳደርወይምተዛማጅየጥናትመስክ

Business

ዲግሪበነርስወይምበሕዝብጤናላይ Health

የመጀመሪያዲግሪ/ኮሌጅዲፕሎማበአዋላጅእና/ወይምበሌሎችየጤናነክመስኮች፡፡ Health

በነርስወይምበሕዝብጤናውስጥየሳይንስ/ዲፕሎማየመጀመሪያዲግሪ Health

በኮምፒተርሳይንስበኤሌክትሪክምህንድስና፣በሃርድዌርምህንድስናወይምበተዛማጅዘርፎች
ሳይንስዲግሪ

Computing

ዲግሪወይም ማስተርስ/ግብርና፣ማህበራዊ ሳይንስ፣ማህበረሰብ ልማትወይም ሌላ
አግባብነትያለውመስክ

Agriculture

በተፈጥሮሳይንስ(ባዮሎጂእናኬሚስትሪ)መምህርየሳይንስባችለር Natural

በተፈጥሮሳይንስወይምበተዛማጅየመጀመሪያዲግሪ Natural

ዲግሪወይምበባዮሎጂ፣ባዮኬሚስትሪ፣ፋርማኮሎጂ Natural

በባዮሎጂ የመጀመሪያዲግሪ፣በሞለኪዩላርባዮሎጂ ውስጥ ጠንካራዳራ(ሳይንሳዊ እና
ቴክኒካዊ)፡፡

Natural

የመጀመሪያዲግሪበግብርና፣በአርብቶአደርልማት፣በአካባቢሳይንስወይምበተዛማጅመስክ፡፡ Agriculture

የመጀመሪያዲግሪበግብርና፣በአርብቶአደርልማት፣በአካባቢሳይንስወይምበተዛማጅመስክ Agriculture

የሳይንስየተፈጥሮሀብትአስተዳደርወይምተዛማጅየጥናትመስክየዩኒቨርሲቲዲግሪ Agriculture
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5.3. Classificationresult

Inthisstudythreesupervisedmachinelearningclassifiers,suchassupportvector

machine,kNearestNeighborandNaïveBayesclassifiersareusedtocategorizethe

vacancytext.

5.3.1.Experimentalsetup

Threeexperimentshavebeenconductedinthisstudy.Thedatausedtoconductthe

experimentscontainstwoattributes,textdata(vacancytext)andtheclasslabelofthe

vacancytext,whichare“ጤና”(health) “ምህንድስና”(engineering),“የኮምፒዉተርሳይንስ

ዘርፎች”(computing),“ተፈጥሮሳይንስ”(naturalscience)“ማህበራዊሳይንስ”(socialscience),

“ህግ”(law),“ግብርና”(agriculture)and“ቢዝነስእናኢኮኖሚክስ”(businessandeconomics).

Inordertofindhow importantawordindocumentisincomparisontothecorpus,

wordsarevectorizedbyusingTF-IDFweightingtechnique.Inordertoexaminethe

applicabilityofmachinelearningalgorithm tocategorizethevacancytext,NaiveBayes,

SupportVectorMachineandK-NearestNeighborcomparedwiththesamedatasetand

categories.Forconductingtheexperimentsthedocumentsweredividedintotraining

andtestdatasetsusingpercentagesplit.Sothatfrom thetotalofdocuments80%of

them wereusedtotrainthemodel,and20%ofthem wererandomlyselectedfortesting.

5.3.2.Experimentalresult

ClassificationUsingSupportVectorMachine

ThefirstexperimentwasconductedbyusingsupportVectorMachine.Themostwidely

usedlibraryforimplementingmachinelearningalgorithmsinPythonisscikit-learn.

Scikit-learnsvm.SVC()istheclassusedforSVM classification.Theparametersusedto

implementSVM inthisstudyareCwhichistheregularizationparameter,C,oftheerror

term,kerneltype,degreeofpolynomialkernelandcoefficient(gamma)forkernelisset

firstandthenthemodeliscreated.TheaccuracyofSVM classifierisshownintable5.3.
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Figure5.1AccuracyofSupportVectorMachineAlgorithm

SVM achievedanaccuracyof76.4%.Inlawcategory,SVM achievedaprecisionof100%

andrecallof97%andtheF-measureofthe98%.Forbusinessandeconomicscategory,

SVM achieved aprecisionof90% and recallof92%.TheF-measureoftheSVM

classifierforthecategorybusinessandeconomicsis91%.Innaturalsciencecategory,

SVM achievedaprecisionof100% andrecallof77%.TheF-measureoftheSVM

classifierforthecategorynaturalscienceis87%.

Ontheotherhandsocialsciencecategoryachievedaprecisionof79% likelytobe

correctand88% ofrecall.TheF-measureoftheSVM classifierfortheclasssocial

scienceis83%.Forcomputingcategory,SVM achievedaprecisionof63%andrecallof

89%.TheF-measureoftheSVM classifierforthecategorycomputingis74%.

Forengineeringcategory,SVM achievedaprecisionof55% andrecallof97%.TheF-

measureoftheSVM classifierforthecategoryengineeringis70%.Theperformanceof

SVM classifierforhealthcategorywas100%precisionand51%recallandF-measureof

67%.Aswehaveobservedfrom theabovetabletheprecisionandrecallforagriculture

categoryare88%and45%respectively.TheF-measureofSVM classifierforagriculture

shows60%.

ClassificationUsingK-NearestNeighbor

The second experimentwas conducted by using K-NearestNeighbor.Classifier

implementing the k-nearestvote.The parameters include n-neighbor(default=5),



64

weights (default=uniform),algorithm to compute the nearestneighbor,leaf_size

(default=30),metric,metric_paramsandn_jobs(default=1). TheaccuracyofKNN

classifierisshowninfigure5.4

Figure5.2AccuracyofK-NearestNeighborAlgorithm

K-NearestNeighborachievedanaccuracyof75.5%.Inlaw category,KNNachieveda

precisionof100%andrecallof100%andtheF-measureofthe100%.Inbusinessand

economicscategory,KNN achievedaprecisionof98% andrecallof94%.TheF-

measureoftheKNNclassifierforthecategorybusinessandeconomicsis96%.Onthe

otherhandsocialsciencecategoryachievedaprecisionof92%likelytobecorrect.And

arecallof82%.TheF-measureoftheKNNclassifierfortheclasssocialscienceis87%.

Forcomputingcategory,KNN achievedaprecisionof63% andrecallof89%.TheF-

measureoftheKNN classifierforthecategorycomputingis74%.Innaturalscience

category,KNN achievedaprecisionof95% andrecallof53%.TheF-measureofthe

KNN classifierforthecategorynaturalscienceis68%.TheperformanceofKNN

classifierforhealthcategorywas100%precisionand51%recallandF-measureof67%.

Forengineeringcategory,SVM achievedaprecisionof51% andrecallof95%.TheF-

measureoftheKNNclassifierforthecategoryengineeringis66%.Aswehaveseen

from theabovetabletheprecisionandrecallforagriculturecategoryare88%and44%

respectively.TheF-measureofSVM classifierforagricultureshows59%.
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ClassificationUsingNaïveBayes

The third experimentwas conducted byusing Naïve Bayes.The MultinomialNB

classifierissuitablefortextclassificationwhereitassumesthatfeaturesaredrawn

from simplemultinomialdistribution.Thedefaultparametersarealpha(default=1.0),

fit_priori(default=True)andclass_priori(default=none).TheaccuracyofNBclassifieris

showninfigure5.5

Figure5.3AccuracyofNaiveBayesAlgorithm

NaiveBayesachievedanaccuracyof70.2%.Inlawcategory,NBachievedaprecision

of100% andrecallof96% andtheF-measureof98%.Insocialsciencecategory,NB

achievedaprecisionof100%andrecallof91%.TheF-measureoftheclassifierforthe

categorysocialscienceis95%.

Inbusinessandeconomicscategory,KNNachievedaprecisionof71% andrecallof

89%.TheF-measureoftheKNNclassifierforthecategorybusinessandeconomicsis

79%.

Forcomputingcategory,NBachievedaprecisionof68% andrecallof88%.TheF-

measureoftheNB classifierforthecategorycomputingis77%.Similarlynatural

sciencecategoryachievedaprecisionof96% likelytobecorrect.4% ofthem were

incorrectlyclassifiedinothercategories.Therecallinthisclassis65%.TheF-measure
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oftheNBclassifierfortheclassnaturalscienceis83%.

TheperformanceofNBclassifierforhealthcategorywas54%precisionand97%recall

andF-measureof69%.Asshownontheabovetabletheprecisionandrecallfor

agriculturecategoryare57%and53%respectively.TheF-measureofSVM classifierfor

agricultureshows54%.Forengineeringcategory,NBachievedaprecisionof72% and

recallof25%.TheF-measureoftheNBclassifierforthecategoryengineeringis37%.

Table5.3Summaryoftheresultobtainedforthealternateexperimentsconducted
usingeachclassificationalgorithm

Accuracy Average

Precision

AverageRecall AverageF-

measure

SVM 76.4% 84.375% 79.625% 81.75%

KNN 75.5% 86.875% 71.75% 76.375%

NB 70.2% 77.3% 75.5% 76.38%

Theperformanceoftheseclassificationalgorithmsintermsofaccuracy,precision,

recallandf-measureareshownbelowinfigure5.1
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Figure5.4PerformancesofeachAlgorithm byusingBarChart

Asitisobservedbothfrom table5.6andfigure5.1intermsofaccuracySVM algorithm

outperforms76.4% thanKNNandNBalgorithms.Whenweseeintermsofprecision

KNNclassifierachievedthehigherperformanceof86.875%averageprecisionfollowed

bySVM andNBclassifiersrespectively.Alsowhencomparedwithaveragerecalleach

algorithm performed SVM algorithm achieved the bestaverage recallof79.625%

followedbyNBandKNNalgorithmsrespectively.OntheotherhandSVM withregardto

F-MeasureSVM algorithm achievedthebestperformanceof81.75%thanKNNandNB

algorithms.Hence,based on its performance,the SVM classifieris selected to

constructtheclassificationmodelofAmharicjobvacancyannouncementtextinthis

study.

Table5.4ConfusionmatrixoftheSVM algorithm
Job
vacancy
type

ግብርና ቢዝነስእና
ኢኮኖሚክስ

ኮምፒ
ዉቲንግ

ምህንድስና ጤና ህግ ተፈጥሮ
ሳይንስ

ማህበራዊ
ሳይንስ

Total

ግብርና 15 4 0 5 2 0 0 1 27

ቢዝነስእና
ኢኮኖሚክስ

0 46 0 4 0 0 0 0 50

ኮምፒዉቲንግ 0 0 33 3 0 0 0 1 37

ምህንድስና 0 0 2 57 0 0 0 0 59

ጤና 0 0 3 22 31 0 1 4 61

ህግ 0 0 0 0 0 24 0 1 25

ተፈጥሮሳይንስ 0 0 3 4 0 0 26 0 33

ማህበራዊ
ሳይንስ

0 0 0 4 2 0 0 24 30

Predicted

A
c

tu
a

l
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5.4. DiscussionoftheResult

In the currentstudy,three supervised machine learning algorithms are used to

categorizevacancytextdocument.SupportVectorMachine,K-NearestNeighborand

NaïveBayesarethealgorithmstestedtocategorizethetextdocument.Asshown

abovetheexperimentalresultofeachalgorithm hasachieveddifferentperformance.

Thecomparisonofallthreealgorithm resultsintermsoftheiraccuracyisshownabove

intable5.6

Asitisobservedfrom theexperimentalresult,eachalgorithm registereddifferent

performancetocategorizeAmharicvacancytext.Intermsofaccuracy,SupportVector

Machineisthebestalgorithm thatachievedthehighestperformanceof76.4% as

comparedtothealgorithmsusedinthecurrentstudy.

The“Law”categoryregisteredhighclassificationresultof100%,97%,and98% F-

MeasureinSVM,KNNandNBclassifierrespectivelywhencomparedtocategorylike

agriculture,businessandeconomics,computing,engineering,health,naturalscience

andsocialscience.Asitisshownintable5.7,givenatotalof30ህግ(law)categoriesin

testdata;outofthegivenlawcategories29ofthem wereclassifiedaslawandtherest

onelaw categorylabeledassocialscience.Thatisbecauseoftherearefew vacancy

textthatsharethesameorcommonwordscomparedtoothercategoriesusedinthis

study.Forexample,considerthe sentenceየመጀመሪያዲግሪበኤሌክትሪካ ምህንድስና፣

በኮምፒዉተርምህድስና፣በኮምፒዉተርሳይንስወይምተዛማጅመስኮችwhichmeans“firstdegreein

electricalengineering,computerengineering,computerscienceorrelatedfields”. In

thisexampletheword engineering,computerand scienceareused repetitivelyin

differentcategorieslikeengineering,computing,naturalscience,socialscienceand

othercategoriesandlesswithlawcategory.Thisconditionaffectstheperformanceof

categories thatshare these common terms where law is unique from others

comparatively.Sothatwecansaylawcategorysharetheleastcommonwordswiththe

otherelsecategories.Thatisthereasonwhylawcategoryachievedbetterperformance.

Ontheotherhand,“agriculture”categoryhastheleastperformanceineachalgorithm

whereoutof27giventestdata15ofthem correctlyclassifiedasagriculture,4ofthem
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categorizedasbusinessandeconomics,5ofthem categorizedasengineering,5of

them categorizedasengineeringand1ofthem categorizedashealth.Adiscussed

abovetheagriculturecategorysharecommonwordswithothercategoriesandthese

highlyaffecttheperformanceoftheclassificationinthiscategory.

Theresultobtainedispromisingresulttodesignvacancytextcategorizationmodelfor

jobsannouncedinAmhariclanguage.Therearedifferentchallengesfacedinthisstudy.

Thefirstoneistherearejobpositionsthatallowdifferentfieldsofstudy.Forexample,

የመጀመሪያዲግሪበጤናዘርፎች፣በንግድአስተዳደር፣በግብይትወይምተዛማጅመስኮችwhichmeans

“firstdegreeinhealthfields,businessadministration,marketingorrelatedfields”.So,

thepresenceofthesedifferentfieldsofstudyinasingledocumentcanchallengethe

machine and affectthe performance ofclassification.The otherchallenge is as

discussedabovetherearecategoriesthatsharethecommontermsandfoundinboth

categories.Thisisanotherproblem thataffecttheperformanceoftheclassifierand

accuracyofcategories.
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CHAPTERSIX

CONCLUSIONANDRECCOMENDATION

6.1. Conclusion

Nowadays,largeamountofvacancyannouncementhasbeenuploadedandgenerated

onthewebdaily.Thisincreasestheamountoftextthatareavailableonthewebin

electronicform whichisdifficulttoorganizeandmanagemanually.Inthecurrent

system theconcernedbodypreparethecontentofthejob,suchasIDofthejob,titleof

thejob,publishingdate,jobdescriptions,salaryandbenefits,educationalbackground,

workexperienceandrelatedinformationandcategorizebasedonitsID,title,experience

(and/orbasedontherule)thattheexpertdefinedandsavesitaccordingly,sothatitcan

beretrievedlaterbyitsID,title,date,experienceandcategorywhenneeded.Inthelast

few years,automatictextclassificationsystemshaveproventobejustasaccurate,

correctlycategorizingover90%ofthetextclassification.Sincemanualcategorizationis

basedonhumanjudgments;itisaccurate.Butitistimeconsumingandinconsistent.

Sotherehasbeenaswitchfrom manualtoautomatedsystems

Thefocusofthisstudyisthereforeto applymachinelearningtechniquesonjob

domains.The data used in this study is extracted from web posting websites

(https://jobwebethiopia.com, https://ethiojobs.net,

https://www.ethiopianreporterjobs.com)usingadataminertoolandsavedas.xlsxfile.

Thenpreprocessingtaskssuchasdatacleaning,normalization,tokenization,stopword

removalandstemmingwereappliedusingpythonprogramminglanguagetocleanand

makereadythedatasetformachinelearningalgorithms.Inordertofindhowimportant

awordindocumentisincomparisontothecorpus,wordsarevectorizedbyusingTF-

IDF weighting technique.Three machine learning algorithms (i.e.SupportVector

Machine,K-NearestNeighborandNaïveBayes)aretestedforcategorizingvacancytext

intoitscategoryoritems.

TheexperimentalresultshowsthatSupportVectorMachinealgorithm outperformsK-

NearestNeighborandNaïveBayeswithanaccuracyof76.3% andhencethemodel
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constructedbySVM isselectedforAmharicjobvacancycategorizationtask.

TheSVM modelworkswellforthe “law”categorybecauseitisthecategorythatshare

theleastcommontermscomparedtoothercategories;whereas“agriculture”isthe

categorythathastheleastperformance.Thefactorsthataffecttheperformanceof

classification algorithmsincludepresenceofdifferentfield ofstudiesin a single

documentand therearecategoriesthatsharecommontermsand found inboth

categorieswhichishighlyaffectthecategorizationperformance.

6.2. Recommendation

Basedonthefindingsofthestudy,thefollowingrecommendationsareforwarded

forconductingfurtherfutureresearch.

 Thereareconflictingtagsassignedtothedatasetasaresultofuseofsimilar

wordsindifferentcategorieswhichneedstoanalysetextssemantically.Itis

thereforerecommendedtofollowSemanticbasedandontologyforcategorizing

jobvacancyannouncements.

 There are job positions that state common educationalbackground or

requirementforthespecificvacancy.Forexample,የመጀመሪያዲግሪበግንባታአስተዳደር፣

በአስተዳደር፣በግብይትወይም ተዛማጅመስኮች which means“firstdegree in construction

management,management,marketingorrelatedfields”for“ConstructionManager”

position.Thepresenceofthesedifferentfieldsofstudyinasingledocumentcan

challengetheconstructedcategorizationmodelandaffecttheperformanceof

theclassificationmodel.Hence,werecommendtocombinejobtitlesandjob

qualificationoreducationalbackgroundasinputtominimizetheproblem.

 Inthisstudy,SVM,KNN andNBclassificationalgorithmswereemployedfor

categorizing vacancy text.Itis recommended to testotherclassification

algorithmsforcategorizingvacancytext.

 TherearelittleworksdoneonstemmingAmharicwords.Inordertoovercome

thestemmingdifficultyduringtextclassificationthereisaneedtoconduct

furtherstudytodesignanddevelopafull-fledgedautomaticAmharicstemmer
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algorithm.

 Thereisalsoaneedtodesignjobvacancytextcategorizationforotherlocal

languages,suchasAfaanOromo,Tigrignaandotherlocallanguagesinwhich

suchannouncementmayappear.

References

[1]S.Teklu,"AutomaticcategorizationofAmharicnewstext:amachinelearningapproach,"

AddisAbabaUniversity,Doctoraldissertation,AddisAbaba,Ethiopia,2003.

[2]Zhang,Shilin,HepingLi,andShuwuZhang.,"Jobopportunityfindingbytextclassification,"

ProcediaEngineering,vol.29,no.1,pp.1528-1532,2012.

[3]GebrehiwotAssefa,Berhe,"AtwostepapproachforTigrignatextcategorization,"

UnpublishedMastersThesis,AddisAbabaUniversity,AddisAbaba,Ethiopia,2011.

[4]A.Kumilachew,"HierarchicalAmharicNewsTextClassification,"UnpublishedMScThesis.

AddisAbabaUniversity,AddisAbaba,Ethiopia,2010.

[5]A.Diriba,"AutomaticClassificationofAFAANOromoNewsText:TheCaseofRadioFana,"

UnpublishedMSc.Thesis,AddisAbabaUniversity,AddisAbaba,Ethiopia,2009.

[6]Ikonomakis,M.,SotirisKotsiantis,andV.Tampakas.","Textclassificationusingmachine

learningtechniques,"WSEAStransactionsoncomputers,vol.4,no.8,pp.966-974.,2005.

[7]Defersha,NaolBakala,andGetachowMamo.","ATwoStepsApproachforAfanOromo

NonfictionTextCategorization,"InternationalJournalofScientificResearchinComputer

Science,EngineeringandInformationTechnology,vol.3,no.1,pp.2456-3307,2018.

[8]Slavazza,P.,"Whatisthebestmethodforautomatictextclassification,"Medium,05

September2019.[Online].Available:https://towardsdatascience.com.[Accessed13

ebruary2020].

[9]A.Ozgur,"SupervisedandUnsupervisedMachineLearningTechniquesforTextDocument

Categorization,"UnpublishedMaster’sThesis,BoğaziçiUniversity,İstanbul,2004.

[10

]

Blumberg,Robert,andShajuAtre,"Automaticclassification:movingtothemainstream,"DM

REVIEW,vol.13,pp.12-19,2003.



73

[11

]

Ian,H.Witten,andFrankEibe.,"Datamining:Practicalmachinelearningtoolsand

technique,"2005.

[12

]

Grace,G.Hannah,andKalyaniDesikan,""Experimentalestimationofnumberofclusters

basedonclusterquality,"arXivpreprintarXiv,vol.1,no.2,pp.304-315,2015.

[13

]

MonkeyLearn,"text-classifiers,"MonkeyLearn,15May2019.[Online].Available:

https://monkeylearn.com.[Accessed12February2020].

[14

]

Javed,Faizan,MattMcNair,FeroshJacob,andMengZhao,"Towardsajobtitle

classificationsystem,"arXivpreprintarXiv,vol.1606,no.00917,2016.

[15

]

Addis,Andrea,"Studyanddevelopmentofnoveltechniquesforhierarchicaltext

categorization,"UniversityofCagliari,Sardinia,2010.

[16

]

Sun,Aixin,andEe-PengLim,"Hierarchicaltextclassificationandevaluation,"inProceedings

2001IEEEInternationalConferenceonDataMining,IEEE,2001.

[17

]

A.B.ASRES,"ASEMI-SUPERVISEDAPPROACHFORAMHARICNEWSCLASSIFICATION,"

UnpublishedMsc.Thesis,AddisAbabaUniversity,AddisAbaba,2012.

[18

]

F.e.a.Amato,"Classificationofwebjobadvertisements:Acasestudy,"inCRISPResearch

Centre,UniverisityofMilan-Bicocca,Curran,Italy,2015.

[19

]

W.Kelemework,"AutomaticAmharictextnewsclassification:Aneuralnetworksapproach,"

EthiopianJournalofScienceandTechnology,vol.6,no.2,pp.127-137,2013.

[20

]

Lynch,John,"AnAnalysisofPredictingJobTitlesUsingJobDescriptions,"Technological

UniversityDublin,MSc.Thesis,Dublin,2017.

[21

]

Berndtsson,Mikael,JörgenHansson,BjörnOlsson,andBjörnLundell,Thesisprojects:a

guideforstudentsincomputerscienceandinformationsystems,VerlagLondon:Springer

Science&BusinessMedia,2007.

[22

]

"WhyPython,"inHands-onPythonTutorial,LoyolaUniversityChicago,amazonaws.com,

2020,p.4.

[23

]

K.Jain,"Scikit-learn(sklearn)inPython,"AnalyticsVidhya,5January2015.[Online].

Available:https://www.analyticsvidhya.com/blog/2015/01/scikit-learn-python-machine-

learning-tool/.[Accessed10082020].

[24

]

Hossin,Mohammad,andM.N.Sulaiman,"Areviewonevaluationmetricsfordata

classificationevaluations,"InternationalJournalofDataMining&KnowledgeManagement

Process,vol.5,no.2,pp.1-11,2015.



74

[25

]

Ko,Youngjoong,andJungyunSeo,"Automatictextcategorizationbyunsupervisedlearning,"

inCOLING2000Volume1,The18thInternationalConferenceonComputationalLinguistics,

2000.

[26

]

F.Sebastiani,"Machinelearninginautomatedtextcategorization,"ACM computingsurveys

(CSUR),vol.1,no.34,pp.1-47,2002.

[27

]

A.Faraz,"AComparisonOFTEXTCATEGORIZATIONMETHODS,"InternationalJournalon

NaturalLanguageComputing.-2016.-5(1).-PP:31-44.,vol.1,no.5,pp.31-44,2016.

[28

]

A.Ozgur,"Supervisedandunsupervisedmachinelearningtechniquesfortextdocument

categorization,"UnpublishedMaster’sThesis,İstanbul:BoğaziçiUniversity,Istanbul,2004.

[29

]

https://monkeylearn.com,"text-classification,"MonkeyLaern,15022019.[Online].

Available:https://monkeylearn.com/text-classification/.[Accessed01072020].

[30

]

Liu,Bing,etal,"Textclassificationbylabelingwords,"AAA,vol.4,pp.425-430,2004.

[31

]

Dalal,MitaK.,andMukeshA.Zaveri,"Automatictextclassification:atechnicalreview,"

InternationalJournalofComputerApplications,vol.2,no.28,pp.37-40.,2011.

[32

]

https://www.mathworks.com,"machine-learning.html,"MathWorks,[Online].Available:

https://www.mathworks.com/discovery/machine-learning.html.[Accessed15072020].

[33

]

KamalMohammedJimalo,RameshBabu,YaregalAssabie,"AfaanOromoNewsText

CategorizationusingDecisionTreeClassifierandSupportVectorachine:AMachine

LearningApproach,"nternationalJournalofComputerTrendsandTechnology(IJCTT),vol.

47,no.1,pp.2231-2803,2017.

[34

]

SonooJaiswal,"unsupervised-machine-learning,"JavaTPoint,21January2019.[Online].

Available:https://www.javatpoint.com/unsupervised-machine-learning.[Accessed12May

2020].

[35

]

M.Allard,"Introductiontosemi-supervisedlearningandadversarialtraining,"InsideMachine

Learning,23052019.[Online].Available:https://medium.com/inside-machine-

learning/placeholder-3557ebb3d470.[Accessed20072020].

[36

]

N.a.N.T."...2.Sloanim,"ThePowerofWordClusteringforTextClassification.,"in

ProceedingsofEuropeanColloquium onIRResearch,ECIR,2001.

[37

]

PopaIS,ZeitouniK,GardarinG,NakacheD,MétaisE.,"Textcategorizationformulti-label

documentsandmanycategories(pp.421-426),"inTwentiethIEEEInternationalSymposium

onComputer-BasedMedicalSystems(CBMS'07),WashingtonDC,USA:IEEE.,2007.



75

[38

]

Tripathy,Abinash,AgrawalA.,andRathS.K,"ClassificationofSentimentalReviewsUsing

MachineLearningTechniques,"ProcediaComputerScience,vol.57,pp.821-829,2015.

[39

]

Peng,Fuchun,andDaleSchuurmans,"CombiningnaiveBayesandn-gram languagemodels

fortextclassification,"inEuropeanConferenceonInformationRetrieval,pp.335-350.,

Springer,Berlin,Heidelberg,,2003.

[40

]

S.Schrauwen,"Machinelearningapproachestosentimentanalysisusingthedutchnetlog

corpus,"inComputationalLinguisticsandPsycholinguisticsResearchCenter,Antwerp,

Belgium,2010.

[41

]

Pratiwi,OktarianiNurul,BudiRahardjo,andSuhonoHarsoSupangkat,"AttributeSelection

BasedonInformationGainforAutomaticGroupingStudentSystem,"inInternational

ConferenceonSoftComputing,IntelligenceSystems,andInformationTechnology(pp.205-

211),Springer,Berlin,Heidelberg,2015.

[42

]

S.Ray,"understaing-support-vector-machine-example-code,"AnalyticsVidhya,13092017.

[Online].Available:https://www.analyticsvidhya.com/blog/2017/09/understaing-support-

vector-machine-example-code.[Accessed07162020].

[43

]

Han,Jiawei,MichelineKamber,andJianPei,"Datamining:conceptsandtechniques,"pp.

350-375,2006.

[44

]

García-Gonzalo,Esperanza,etal,"García-Gonzalo,Esperanza,ZulimaFernández-Muñiz,

PaulinoJoséGarcíaNieto,AntonioBernardoSánchez,andMartaMenéndezFernández,"

vol.7,no.9,p.531,2016.

[45

]

DeyL,ChakrabortyS,BiswasA,BoseB,TiwariS.,"Sentimentanalysisofreviewdatasets

usingnaivebayesandk-nnclassifier,"arXivpreprintarXiv:,vol.1610,p.09982,2016.

[46

]

Nikhath,A.et.al.,"BuildingaK-NearestNeighborClassifierforTextCategorization,"

InternationalJournalofComputerScienceandInformationTechnologies,vol.1,no.7,pp.

254-256,2016.

[47

]

Srivastava,Tavish,"HowdoesArtificialNeuralNetwork(ANN)algorithm work?Simplified!,"

AnalyticsVidhya,20October2014.[Online].Available:

https://www.analyticsvidhya.com/blog/2014/10/ann-work-simplified/.[Accessed23

December2020].

[48

]

P.e.a.Prasanna,"Textclassificationusingartificialneuralnetworks,"InternationalJournal

ofEngineering&Technology,vol.7,no.1,pp.603-606,2018.

[49

]

Tripathi,Kshitij,RajendraG.Vyas,andAnilK.GuptaDocumentClassificationUsingArtificial

NeuralNetwork,"DocumentClassificationUsingArtificialNeuralNetwork,"AsianJournalof



76

ComputerScienceandTechnology,vol.8,no.2,pp.55-58,2019.

[50

]

upgrad,"neural-network-tutorial-step-by-step-guide-for-beginners,"upGradblog,20nov

2019.[Online].Available:https://www.upgrad.com/blog/neural-network-tutorial-step-by-

step-guide-for-beginners/.[Accessed10sep2021].

[51

]

Jindal,Rajni,andShwetaTaneja,"Alexicalapproachfortextcategorizationofmedical

documents,"ProcediaComputerScience,vol.26,pp.314-320,2015.

[52

]

Suleymanov,Umid,andSamirRustamov,"AutomatedNewsCategorizationusingMachine

Learningmethods,"inIOPConf.Ser.Mater.Sci.Eng.,Baku,Azerbaijan,2018.

[53

]

AtelachAlemu,"AutomaticSentenceParsingforAmharicTextanExperimentusing

probabilisticContextFreeGrammars.,"AddisAbabaUniversity,MastersThesis,,Addis

Ababa,2002.

[54

]

Bender,MarvinLionel,"LanguageinEthiopia,"inOxfordUniversityPress,London,1976.

[55

]

A.IBRAHIM,"AHYBRIDAPPROACHTOAMHARICBASEPHRASECHUNKINGAND

PARSING,"UnpublishedMSc.Thesis,AddisAbabaUniversity,AddisAbaba,Ethiopia,2013.

[56

]

T.Tensou,"WordSequencePredictionforAmharicLanguage,"UnpublishedMSc.Thesis,

AddisAbabaUniversity,AddisAbaba,Ethiopia,2014.

[57

]

Abate,Mesfin,andYaregalAssabie,"DevelopmentofAmharicmorphologicalanalyzerusing

memory-basedlearning,"inInternationalConferenceonNaturalLanguageProcessing.

Springer,Cham,2014.

[58

]

W.a.M.G.Mulugeta,"LearningmorphologicalrulesforAmharicverbsusinginductivelogic

programming,"LanguageTechnologyforNormalisationofLess-ResourcedLanguages,vol.

7,2012.

[59

]

A.Gonfalonieri,"HowtoBuildADataSetForYourMachineLearningProject,"Medium,14

Feb2019.[Online].Available:https://towardsdatascience.com/how-to-build-a-data-set-for-

your-machine-learning-project-5b3b871881ac.[Accessed08082020].

[60

]

cloudfactory,"TheEssentialGuidetoQualityTrainingDataforMachineLearning,"

cloudfactory,[Online].Available:https://www.cloudfactory.com/training-data-guide.

[Accessed14082020].

[61

]

C.W.Store,"DataScraper-EasyWebScraping,"ChromeWebStore,8March2019.[Online].

Available:https://chrome.google.com/webstore/detail/data-scraper-easy-web-

scr/nndknepjnldbdbepjfgmncbggmopgden.[Accessed19072020].



77

[62

]

DataMiner,"HowDataMinerWorks,"DataMiner,[Online].Available:https://data-

miner.io/how-it-works.[Accessed19072020].

[63

]

Haddi,etal.,"Theroleoftextpre-processinginsentimentanalysis,"ProcediaComputer

Science,vol.17,pp.26-32,2013.

[64

]

codecademy,"TextPreprocessing,"codecademy,2020.[Online].Available:

https://www.codecademy.com/learn/natural-language-processing/modules/nlp-text-

preprocessing?utm_source=rakuten&utm_medium=affiliate&utm_campaign=adgoal.net&ut

m_content=10-1&ranMID=44188&ranEAID=a1LgFw09t88&ranSiteID=a1LgFw09t88-

TtCWE7dB.4Cz1CPnzPF1VQ.[Accessed1September2020].

[65

]

DataMonsters,"TextPreprocessinginPython:Steps,Tools,andExamples,"Medium,16

October2018.[Online].Available:https://medium.com/@datamonsters/text-preprocessing-

in-python-steps-tools-and-examples-bf025f872908.[Accessed1September2020].

[66

]

A.Navlani,"TextAnalyticsforBeginnersusingNLTK,"Tutorials,13December2019.

[Online].Available:https://www.datacamp.com/community/tutorials/text-analytics-

beginners-nltk.[Accessed31August2020].

[67

]

J.Lynch,"AnAnalysisofPredictingJobTitlesUsingJobDescriptions,"Technological

UniversityDublin,Ireland,2017.

[68

]

S.Singh,"NLPEssentials:RemovingStopwordsandPerformingTextNormalizationusing

NLTKandspaCyinPython,"AnalyticsVidhya,21August2019.[Online].Available:

https://www.analyticsvidhya.com/blog/2019/08/how-to-remove-stopwords-text-

normalization-nltk-spacy-gensim-python/.[Accessed31August2020].

[69

]

S.Jain,"IntroductiontoStemming,"GeeksforGeeks,17September2020.[Online].Available:

https://www.geeksforgeeks.org/introduction-to-stemming/.[Accessed17September20].

[70

]

A.Navlani,"naive-bayes-scikit-learn,"www.datacamp.com,4december2018.[Online].

Available:https://www.datacamp.com/community/tutorials/naive-bayes-scikit-learn.

[Accessed4june2021].

[71

]

M.McGregor,"SVM MachineLearningTutorial,"#Machinelearning,1July2020.[Online].

Available:https://www.freecodecamp.org/news/svm-machine-learning-tutorial-what-is-the-

support-vector-machine-algorithm-explained-with-code-examples/.[Accessed17

September2020].

[72

]

J.T.Point,"K-NearestNeighbor(KNN)Algorithm forMachineLearning,"JavaTPoint,06

January2019.[Online].Available:https://www.javatpoint.com/k-nearest-neighbor-algorithm

-for-machine-learning.[Accessed23September2020].



78

[73

]

R.Agarwal,"The5ClassificationEvaluationmetricseveryDataScientistmustknow,"

Medium,17Sep2019.[Online].Available:https://towardsdatascience.com/the-5-

classification-evaluation-metrics-you-must-know-aa97784ff226.[Accessed17September

2020].

[74

]

A.Kumilachew,"HierarchicalAmharicNewsTextClassification,"UnpublishedMSc.Thesis,

AddisAbabaUniversity,AddisAbaba,Ethiopia,2010.

[75

]

Y.Zhao,"ComparisonofAgglomerativeandPartitioningDocumentClusteringAlgorithms,"

inACM Press,WashingtonDC,2002.

[76

]

T.S.Madhulatha,"Anoverviewonclusteringmethod,"arXivpreprintarXiv,vol.1205,no.

1117,2012.

[77

]

Rokach,Lior,andOdedMaimon,"ClusteringMethods,"inDataminingandknowledge

discoveryhandbook,TelAviv,Israel,Springer,Boston,MA,2005,pp.321-352.

[78

]

Abualigah,LaithMohammad,AhamadTajudinKhader,andEssam SaidHanandeh,"A

combinationofobjectivefunctionsandhybridkrillherdalgorithm fortextdocument

clusteringanalysis,"EngineeringApplicationsofArtificialIntelligence,vol.73,pp.111-125,

2018.

[79

]

D.Kalita,"SupervisedandUnsupervisedDocumentClassification:ASurvey,"International

JournalofComputerScienceandInformationTechnologies,vol.6,no.2,pp.1971-1974,

2015.

[80

]

Dharmarajan,A.,andT.Velmurugan,"Efficiencyofk-Meansandk-MedoidsClustering

AlgorithmsusingLungCancerDataset,"InternationalJournalofDataMiningTechniques

andApplications,vol.5,no.2,pp.150-156,2016.

[81

]

L.a.J.Q.Xu,""Unsupervisedmulti-classsentimentclassificationapproach,"OKNOWLEDGE

ORGANIZATION,vol.46,no.1,pp.15-32,2019.

[82

]

A.Soni,"ClusteringwithGaussianMixtureModel,"Medium,05December2017.[Online].

Available:https://medium.com/clustering-with-gaussian-mixture-model/clustering-with-

gaussian-mixture-model-c695b6cd60da.[Accessed23072020].

[83

]

E.a.C.R.Acuna,""Thetreatmentofmissingvaluesanditseffectonclassifieraccuracy

Classification,clustering,anddataminingapplications,"Springer,Berlin,Heidelberg,pp.639

-647,2004.

[84

]

P.Grg,"GettingstartedwithNLPusingNLTK,"Medium,6September2018.[Online].

Available:https://becominghuman.ai/nlp-for-beginners-using-nltk-f58ec22005cd.

[Accessed01September2020].



79

[85

]

J.Gallagher,"PythonLowercase:AStep-By-StepGuide,"KAREERKARMA,3March2020.

[Online].Available:https://careerkarma.com/blog/python-lowercase.[Accessed1

September2020].

[86

]

M.Mayo,"AGeneralApproachtoPreprocessingTextData,"KDnuggets,12December2017.

[Online].Available:https://www.kdnuggets.com/2017/12/general-approach-preprocessing-

text-data.html.[Accessed31August2020].

[87

]

M.Kindeneh,"OpinionMiningforAmharaBroadcastingAgencyNews,"Unpublished

MastersThesis,BahirDaUniversity,Ethiopia,BahirDar,Ethiopia,2020.

[88

]

A.,Nigam,etal.,"TextClassificationfrom LabeledandUnlabeledDocumentsUsingEM,"

KluwerAcademicPublishers,vol.39,no.2,p.103–134,2000.

Appendix

AppendixI:Amhariccharacters(‘Fidel’)(adapted:from [4])
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AppendixII:Amharicpunctuationmarks(Adaptedfrom:[4])
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AppendixIII:AmharicNumbers(adaptedfrom:[4])
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AppendixIV:SamplePythonCode

#!/usr/bin/envpython

#coding:utf-8

importpandasaspd

from sklearnimportmodel_selection,naive_bayes,svm

from sklearn.metricsimportaccuracy_score

from matplotlibimportpyplotasplt

from sklearn.metricsimportclassification_report

from sklearn.feature_extraction.textimportTfidfVectorizer

from sklearn.neighborsimportKNeighborsClassifier

df=pd.read_excel("file_location")

#df=pd.read_csv("file_location")

df.head()

forindex,entryinenumerate(df['requirement']):

df.loc[index,'']=str(df)

importmatplotlib.pyplotasplt

get_ipython().run_line_magic('matplotlib','inline')

#plt.scatter(df['category'],df['requirement'])

x=df['requirement']

y=df['category']

#print(x)

from sklearn.model_selectionimporttrain_test_split

X_train,X_test,Y_train,Y_test=train_test_split(x,y,test_size=0.2,random_state=5)

Tfidf_vect=TfidfVectorizer(max_features=5000)

Tfidf_vect.fit(df[''])
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Train_X_Tfidf=Tfidf_vect.transform(X_train)

Test_X_Tfidf=Tfidf_vect.transform(X_test)

#fitthetrainingdatasetontheclassifier

KNN=KNeighborsClassifier()

KNN.fit(Train_X_Tfidf,Y_train)

predictions_KNN=KNN.predict(Test_X_Tfidf)

print("KNNAccuracyScore->",accuracy_score(predictions_KNN,Y_test)*100)

print(classification_report(Y_test,predictions_KNN))


