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ABSTRACT

Researchersworkingonrealworldclassificationdatahaveidentifiedthatacombinationofclass
overlapwithclassimbalanceandhighdimensionaldataisacrucialproblemandareimportantfactors
fordegradingperformanceoftheclassifier.Hence,ithasreceivedsignificantattentioninrecentyears.
Misclassificationoftenoccursintheoverlappedregionasthereisnocleardistinctionbetweenthe
classboundariesandthepresenceofhighdimensionaldatawithanimbalancedproportionposes
anadditionalchallenge.Onlya fewstudieshaveeverbeenattempted toaddressall these issues
simultaneously;therefore;amodelisproposedwhichinitiallydividesthedataspaceintooverlapped
andnon-overlappedregionsusingaK-meansalgorithm,thentheclassifierisallowedtolearnfrom
twodataspaceregionsseparatelyandfinally,theresultsarecombined.Theexperimentisconducted
usingtheHeartdatasetselectedfromtheKeelrepositoryandresultsprovethattheproposedmodel
improvestheefficiencyoftheclassifierbasedonaccuracy,kappa,precision,recall,f-measure,FNR,
FPR,andtime.
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INTROdUCTION

Thereal-timedataaccumulatedinthesocietyduetoday-to-dayactivitieslikecreditcardtransactions,
patient’shealthrecord,failureinamanufacturingunit,medicaldiagnosis,detectionofoilspills,text
classificationetc.,arealwaysoverlappedandclassimbalancedinnature(Sumana,2016).Usually
inanimbalanceddatasettheclassifiermisclassifiesminorityclassinstancesbecausetheygetbiased
by themajority class instanceswhich arehighly representedhence classifier showsdegradation
performance.Itfrequentlyoccursinoverlappingregionashighdimensionaldataisthemaincause
forclassoverlap.Assuchclassimbalanceisnotacrucialproblembutcombinationofclassimbalance
withclassoverlap includinghighdimensionaldata isacrucialproblemand is thecause for the
degradingperformanceoftheclassifier(Sumana,2016).

The data is said to be imbalanced if classes in the data space are not represented in equal
proportion.Theclassrepresentingwithhighernumberofinstancesiscalledmajorityclassandthe
classrepresentingwithfewernumberofinstancesiscalledminorityclass.Duetoclassimbalance
natureof thedatasetclassification taskbecomesverydifficultbecause theclassifiergetsbiased
towardsthemajorityclassasitdoesnotgetnecessaryinformationabouttheminorityclasstomake
anaccuratepredictionthereforeshowpoorclassificationratesonminorityclass,becauseittreatsthe
instancesoftheminorityclassasnoisehenceduetoclassimbalancenaturetherewillbedegradation
intheperformanceoftheclassifiers.Therefore,abalanceddatasetisnecessaryforbuildingagood
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predictionmodelasmostoftheclassifiersperformwellwhenthenumberofinstancesofeachclass
isapproximatelyequalinproportion(Guo,2016).

Whensamples fromdifferentclasseshavesimilarcharacteristics, theydonot formseparate
clusters and are not linearly separated, instead few samples overlap in the data space known as
overlappingsamples.Classimbalanceisnotacrucialproblemonitself,butcombinationofclass
overlapwithclassimbalanceposesanewchallengeandisthecauseforthedegradationperformance
oftheclassifier.Liu(2008)inhisworkstatedthatoverlappingregioncontainsdatafrommorethan
oneclassandmisclassificationoftenoccursneartheclassboundarieswhereoverlappingispresentand
AidaAli(2015)suggestedthathighdimensionalitywithredundantorirrelevantfeaturesmakesthe
classifierdifficulttorecognizetheclassboundariesandhenceisoneofthecausesforclassoverlap.

Methods to Address Class Imbalance
Methodstoovercomeclassimbalancecanbeclassifiedintotwocategories,datalevelapproachand
algorithmiclevelapproach.Datalevelapproachmodifiesthedataandbalancesitusingsampling
methodsorsyntheticdatagenerationmethodstoovercomeclassifiergettingbiasedtowardsmajority
classwhereasinalgorithmiclevelapproachtheclassifierismodifiedtoovercomethebiastowards
majorityclassobjects.

data Level Approach
Samplingmethodsarefurtherdividedintooversampling,undersamplingandhybridmethods.Under
samplingmethodsbalances theproportionof the classdistributionby randomlyeliminating the
samplesofmajorityclassretainingtheminorityclasssamples.Oversamplingmethodsbalancesthe
proportionoftheclassdistributionbyrandomlyreplicatingthesamplesoftheminorityclassfrom
theexistingsamplesretainingthemajorityclasssamples.Hybridmethodisacombinationofboth
oversamplingandundersamplingmethodswhichbalancestheproportionoftheclassdistribution
byrandomlyeliminatingthemajorityclasssamplesandreplicatingtheminorityclasssamples.

ThesyntheticdatagenerationmethodartificiallygeneratesdatausingbootstrappingorKnn
tobalancetheclassdistributionexampleROSE,ADASYN,SMOTE,MSMOTE,BORDERLINE
SMOTE,SMOTE-TLandSMOTE-E,selectivepre-processingofimbalanceddata(SPIDER)etc.

ALGORITHM LeVeL APPROACH

Cost Based Approach
InCostbasedapproachinsteadofcreatingabalanceddataitlearnstheimbalancedproblemusingcost
matricestakingthemisclassificationcostsintoconsideration.Duringthemodelconstructionahigher
misclassificationcostisassignedforminorityclassobjectsandclassificationisperformedsuchthatit
hasalowercost.LetC(i,j)denotethecostofatestcasepredictedtobeclassibutactuallyitbelongs
toclassj.Inatwoclassproblemc(+,-)signifiesthecostofmisclassifyingapositivesampleasthe
negativesampleandc(-,+)denotesthecostofthecontrarycase.Costsensitivelearningmethods
takesadvantageofthefactthatitismoreexpensivetomisclassifyatruepositiveinstancethanatrue
negativeinstancethatisC(+,-)>C(-,+).Foratwo-classproblemacostsensitivelearningmethod
assignsagreater cost to falsenegatives than to falsepositiveshence resulting in aperformance
improvementwithrespecttothepositiveclass(HE&Garcia,2009).

Methods to Address Class Overlap
A huge range of solutions are provided in the literature to address class overlap that includes
preprocessingofdatabeforelearningaclassificationmodel.Itisatwo-stepprocesswhichinitially
identifiestheoverlapregioninthedataspaceandremovestheoverlapregionusingdatacleaning
algorithms,featureselectionorcluster-basedmethods(He,2009).
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