
DOI: 10.4018/IJHISI.2021010103

International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021


Copyright©2021,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



38

The Effect of Clustering in Filter Method 
Results Applied in Medical Datasets
Nadjla Elong, University of Sciences and Technology of Oran Mohamed Boudiaf (USTO-MB), Algeria

Sidi Ahmed Rahal, University of Sciences and Technology of Oran Mouhamed Boudiaf (USTO-MB), Algeria

ABSTRACT

Foradeeperandricheranalyticprocessingofmedicaldatasets,featureselectionaimstoeliminate
redundantandirrelevantfeaturesfromthedata.Whilefilterhasbeentoutedasoneofthesimplest
methodsforfeatureselection,itsapplicationshavegenerallyfailedtoidentifyanddealwithembedded
similaritiesamongfeatures.Inthisresearch,ahybridapproachforfeatureselectionbasedoncombining
the filtermethodwith thehierarchicalagglomerativeclusteringmethod isproposed toeliminate
irrelevant and redundant features in four medical datasets. A formal evaluation of the proposed
approachunveilsmajorimprovementsintheclassificationaccuracywhenresultsarecomparedto
thoseobtainedviaonlytheapplicationsofthefiltermethodsand/ormoreclassical-basedfeature
selectionapproaches.
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1. INTRoDUCTIoN

Invyingforadeeperandricheranalyticprocessingofmedicaldatasets,akeychallengeinbuildinga
superiorclassificationmodelviamachinelearning(ML)istheidentificationofasetofrepresentative
featuresthatareinherentlyembeddedincumulativehealthdatasets.Briefly,thisrepresentativeset
offeaturesshouldcontainmostlyrelevantandnon-redundantfeaturessoas toachieveimproved
accuracyandbetterclassificationresultsfordatamodeling.

Evenso,apreprocessingstepforMListodrawoutsucharepresentativesetoffeaturesembedded
inthecumulativedatasets;essentially,theprimarygoalistoeliminatepotentiallyredundantand
irrelevantfeaturesthatmayaffecttheaccuracyoftheclassifier(Chandrashekar&Sahin,2014).One
strategyistoimplementanappropriatemixoffeatureselectionmethodsthatresultinoptimizing
featureparsimony.Todate,manyresearchershaveadoptedtheuseoffiltermethodsastheseare
amongthesimplestmethodstoimplementfordataanalysis(Karegowda,Manjunath&Jayaram,2010);
however,akeychallengefacedinjustusingthefiltermethodsisitsinabilitytotakeintoconsideration
theinteractionsamongfeaturecharacteristics(Saeys,Inza&Larrañaga,2007).Consequently,when
theobtainedsetof features is likely tobecharacterizedwith redundantandsimilar features, the
accuracyoftheclassifiermaybecompromised.Thisresearchaddressesthedownsideofadopting
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thefiltermethodsbyproposinganovelapproachbasedonintegratingcriticalaspectsofthefilter
methodsandhierarchicalagglomerativeclusteringalgorithm(HAC).

HACalgorithmisusefulindetectingsimilarfeatures;computationally,thisisdonebycalculating
similaritiesbetweenfeaturesandgroupingthemintoclusters.Inthissense,thecurrentresearchaims
atinvestigatingthefeatureselectionproblemviafeatureclustering(orvariableclustering).Essentially,
a representative feature for each cluster based on its relevance is obtained by the adopted filter
methods-afundamentalstepthatcanbetakentoeffectivelyreducesimilarfeatureswhiledecreasing
thenumberoffeaturesintheresultingset.Tofurthervalidatetheproposednovelapproach,aseries
ofexperimentshasbeenconductedwithmanyparameterssuccessivelyevaluatedtoachievebetter
results.Thesetestshavebeenappliedonfourmedicaldatasets,namely,theWisconsinDiagnostic
BreastCancer(orWDBC),Texture,SpectheartandMovement-librasdatasets.Accuracyratesof
fourclassifiersarealsoobtainedtodetermineifthesuggestednovelapproachcaninfacteffectively
enhanceclassificationresults.

Theorganizationoftherestofthispaperisasfollows.Section2reviewstheextantliteratureon
relatedworks,emphasizingthemorepopularlyappliedfeatureselectionmethodsofpastresearchers.
Section3detailstheproposednovelapproachandtheexperimentalmethodologyreportedhere.Section
4highlightsacomparativestudyoffourfeatureselectionmethodswiththeproposednovelapproach,
summarizing the findings and implicationsof these results.Finally,Section5offers concluding
remarkswithalookatpotentialstudylimitationsaswellasextensiblefutureworks.

2. BACKGRoUND

Pastresearchhasinvestigatedtheapplicationsofvariousfeatureselectionmethodsthatareofgrowing
interests to the medical data analytics research community (Polat & Güneş, 2009; Akay, 2009;
Shilaskar&Ghatol,2013;Lavanya&Rani,2011;Anbarasi,Anupriya&Iyengar,2010;Inbarani,
Azar&Jothi,2014;Kumar,Ramachandra&Nagamani,2014;Ibrahim,Ojo&Oluwafisoye,2018).
Thewrappermethods,forexample,havebeencommonlyadoptedastheseapproacheshaveprovided
goodaccuracy;however,thesemethodsalsorequirehighcomputationaltime.In1997,Kohavi&John
reportedastudyofthewrappermethodswheretheyexploredtherelationbetweenoptimalfeature
subsetselectionandrelevance;aswell,theirstudyexaminedthevariousstrengthsv.weaknessesof
thewrapperapproach.

Filtermethods,incontrast,aresimplerfeatureselectionmethodsandareeasiertoimplement.Yet,
thesemethodsarelimitedbythefactthatredundantfeaturesareoftenneglected.Evenso,morerecent
filter-basedfeatureselectionapproachsuchasthemRMR(minimumRedundancyMaxRelevancy)
hasbeendesignedforimprovedfeatureselectionofmicroarraydata.Accordingly,inthemRMR
algorithm,thefeaturesarerankedonthebasisoftheminimal-redundancy-maximal-relevancecriteria.
Themethod tends to selecthighlypredictivebutuncorrelated features simultaneously (Radovic,
Ghalwash,Filipovic,&Obradovic,2017).Otherprominentfeatureselectionapproachesincludea
FastCorrelationBasedFilter(FCBF)solution,FASTandotherfeatureselectionmethodsthatused
GeneticAlgorithms(GAs),includingGeneticProgramming(GP)andParticleSwarmOptimization
(PSO)approaches.

FCBFisafeatureselectionmethodbasedoncorrelationmeasure,relevanceandredundancy
analysis (Yu & Liu, 2003). This method is used in conjunction with an attribute set evaluator;
notwithstanding, FCBF has the advantage of being able to identify relevant features as well as
redundancy among relevant features. More recently, researchers have applied feature selection
methodstoexploretheattributespaceviatechniquesthatarereputedfortheirglobalsearchability
suchastheEvolutionaryComputation(EC)methods(Xue,Zhang,Browne&Yao,2015)PSOisa
relativelyrecentECtechniquebasedonswarmintelligence.IncomparisonwithotherECalgorithms
suchasGAsandGP,PSOiscomputationallylessexpensiveandcanconvergemorequickly(Xue,
Zhang&Browne,2012).Someresearchershaveappliedclusteringforfeatureselectionpurpose.An
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exampleofsuchclusteringmethodforfeatureselectionhasbeenproposedin(Hong,Liou,Wang&
Vo,2014).Theseauthorsusedclusteringoftheattributesforfeatureselection.Adistancemeasure
forapairofattributesbasedontherelativedependencyisproposed.Astheattributesaregrouped
intoseveralclustersaccordingtotheirsimilaritydegrees,anattributeselectedfromaclustercanthus
representtheattributeswithinthesamecluster.Anapproximate“reduct”couldthenbeformedfrom
thechosenandaccumulatedattributes.TheHongetal.studyachievedgoodresultsbuthadalsobeen
limitedbyitsneedtospecifythenumberofclustersinadvance.

FAST, another clustering algorithm, has been proposed by (Sudhakar, Priya, Chandini &
Narasimham,2016).FASTworksinthreephases.ThefirstphaseentailscomputingT-relevancetest
toeliminateirrelevantfeatures.ThesecondphaseinvolvesconstructingandpartitioningtheMST
(MinimumSpanningTree)byapplyinggraphtheoreticalalgorithms.Thefinalphasehastodowith
selectingthemostrepresentativefeaturefromeachcluster.AccordingtotheresultstheFASTclustering
algorithmeffectivelyreducesthedimensionalityandalsoimprovesaccuracyofpredictiveclassifiers

Additionally,ahierarchicalfeatureselectionmodeltoreducethefeaturespacehasbeenproposed
inZhang,Wang&Yoon(2017).Thismodelincludesthreestages:Stage(1)entailsirrelevantfeatures
elimination;Stage(2)involvesfeatureclusteringbasedonconditionalmutualinformation(CMI);
andStage(3)pertainstorecursivefeatureelimination.AnotherworkattemptingtouseHierarchical
ClusteringmethodforfeatureselectionisPark(2013);here,anewsimilaritymeasurebetweentwo
featuregroupsisdeðnedbydirectlyusingtherepresentativefeatureineachgroup.Afurtherattempt
touseandtesttheuseofhierarchicalclusteringforfeatureselectionisreportedbyIenco&Meo
(2008)inwhichtheclusteringmethodadoptedisthatofWard’swithadistancemeasurebasedon
Goodman-Kruskaltau.

In Butterworth, Piatetsky-Shapiro & Simovici (2005), the authors studied an algorithm for
featureselectionthatclustersattributesusingaspecialmetric;then,itmakesuseofthedendrogram
oftheresultingclusterhierarchytochoosethemostrelevantattributes.InNagendrudu&Reddy
(2015),anefficientfeaturesubsetselectiontechniquehasbeenproposed.Thisalgorithmworksin
twosteps:(a)First,featuresaredividedintoclustersbyusinggraph-theoreticclusteringmethods;
and(b)Second,themostrepresentativefeaturethatisstronglyrelatedtothetargetclassesisselected
fromeachclustertoformasubsetoffeatures.Mostrecently,Chormunge&Jena(2018)proposeda
newmethodwhereclusteringisintegratedwithcorrelationmeasuretoproducegoodfeaturesubset.
Specifically,k-meansclusteringmethodisused;briefly,thisimpliesthattheresearchersneedtospecify
“k”numberofclustersinadvance.Twoclustersforeachdatasetwereusedintheaforementioned
studytoobtaintheresultscontrarytoourproposedapproachinwhichthenumberofcluster“k”is
notbeingspecifiedinadvance.

Whilemostoftheaforementionedmethodshaveattemptedtouseeitherthefiltermethodsor
oneoftheclusteringofvariablesforfeatureselection,ourresearchemphasizestheneedtointegrate
boththefiltermethodsandtheuseofclusteringofvariablesforfeatureselection.Morespecifically,
itfocusesonenhancingthefiltermethodsandhowtheirresultscanbeimprovedbyusinganoptimal
clusteringofvariables.Inthisarea,anewselectorforrelevantfeatures,namely,theFisherMarkov
selector,hasbeenproposedinCheng,Zhou&Cheng(2010).Theirworkpresentsawaytorepresent
essentialdiscriminatingcharacteristicstogetherwiththe“sparsity”asanoptimizationobjective.This
mayberegardedasafiltermethod;consequently,anyavailableclassifiercanalsobeapplied.Given
thattheproposedmethodisrelevant,applyingfourclassifiersmaythenalsovalidatetheresults.

Filtermethodsuserelevancemeasurementstocalculatetherelevancyofattributes,buttheydo
nottakeintoaccountrelationsbetweentheseattributes.Theresultantsubsetcancontainredundant
features.Inordertoresolvethischallenge,anewapproachforfeatureselectionwhichisdivided
intotwostepsisproposedinthecurrentstudy:first,filteringthesetofattributessoastoidentify
therelevantattributes;andsecond,usingaclusteringofvariablesmethodtoidentifytheredundant
features.Morespecifically,thefiltermethodsweadoptedherewillrankfeaturesviathefollowing
selectionmetrics:InformationGain,GainRatio,ReliefFandOneR,andtheHACmethodforclustering
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features.Thepurposeofthisstudyistoevaluatetheimprovementofresultsachievableviafilter
methodsbyapplyingclusteringvariablesalgorithm.

Fortheexperiments,weusedWeka(WaikatoEnvironmentforKnowledgeAnalysis),whichis
acollectionofMLalgorithmsfordataminingtasks.Morespecifically,forexperimentsonfeature
selectionmethodsandontheclassificationtask,weapplySPSSstatisticsforHACalgorithm.

3. THE PRoPoSED NoVEL APPRoACH

Forthepresentstudy,weproposeintegratingtheclusteringvariablestechniquewithdifferentfiltering
methods.Thisapproachisappliedwithtwodifferentsimilaritymeasuresinordertoimprovefilter
methodresultsforclassifyingmedicaldatasets

3.1 Filter Methods
Filtermethodsarefeaturerankingtechniquesthatevaluatetherelevanceoffeaturesbylookingat
theintrinsicpropertiesofthedataindependentoftheclassificationalgorithm(Mwadulo,2016).A
suitablerankingcriterionisusedtoscorethevariablesandathresholdisusedtoremovethevariable
belowthethreshold(Mwadulo,2016).

Usingasimplefiltermethod,featureselectionmaybedoneoncebeforeitcanbeprovidedas
inputtothedifferentclassifiers(Karegowdaetal.,2010).Infeaturerankingmethods,eachfeature
isrankedbyaselectionmetricsuchasinformationgain,symmetricuncertainty,gainratio,orsome
othermeaningfulcriteria.Thetoprankedfeaturesareselectedasrelevantfeaturesbyapre-defined
thresholdvalue(Asir,Appavu&Jebamalar,2016).

Advantagesofðltertechniquesarethatnotonlycantheybescaledeasilytoveryhigh-dimensional
datasets, but they are also computationally simple and fast, besides being independent from the
classiðcationalgorithm(Saeysetal.,2007).However,manyfiltertechniquesposesomewhatsimilar
challenges:(1)thesemethodsignoretheinteractionwiththeclassiðer,and(2)mostoftheproposed
techniquesare“univariate,”whichmeans that each feature is considered separately,by ignoring
featuredependenciesthatmayleadtoworseningclassiðcationperformancewhencomparedtoother
typesoffeatureselectiontechniques(Saeysetal.,2007).

Thegeneralprocessoffilter-basedfeatureselectionmethodisgiveninFigure1.
Filtermethod(Figure1)selectsthefeatureswithouttheinfluenceofanysupervisedlearning

algorithm.Hence,itworksforanyclassificationalgorithmandachievesmoregeneralitywithless

Figure 1. Feature selection with filter method (Asir et al., 2016)
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computational complexity than theothermethods.Therefore, it is suitable for high-dimensional
space(Asiretal.,2016).

In the following part, we consider these four commonly used ranking measures for further
investigationinevaluatingourproposedapproach:(1)InformationGain(IG)attributeevaluation;(2)
GainRatio(GR)attributeevaluation;(3)Relief-F(RF)attributeevaluation;and(4)OneRattribute
evaluation.

3.1.1 Information Gain (IG)
IG(relativeentropy,orKullback-Leiblerdivergence),inprobabilitytheoryandinformationtheory,isa
measureofthedifferencebetweentwoprobabilitydistributions.ItevaluatesafeatureXbymeasuring
theamountofinformationgainedwithrespecttotheclass(orgroup)variableY,definedasfollows:

I X H P Y H P
Y

X
( ) = ( )−











( (  (1)

Specifically, IG measures the difference between the marginal distribution of observable Y
assumingthatitisindependentoffeatureH P Y( ( ) andtheconditionaldistributionofYassuming
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.IfXisnotdifferentiallyexpressed,YwillbeindependentofX;

thus,XwillhavesmallIGvalue,andviceversa(Yildirim,2015).

3.1.2 Gain Ratio (GR)
TheGRisthenon-symmetricalmeasurethatisintroducedtocompensateforthebiasoftheIG.GR
iscomputedas:

GR
IG

H X
=

( )
 (2)

AsEquation(2)presents,when thevariableYhas tobepredicted,wenormalize the IGby
dividingbytheentropyofX,andviceversa.

Owingtothisnormalization,theGRvaluesalwaysfallintherange[0,1].AvalueofGR=1
indicatesthattheknowledgeofXcompletelypredictsY,whereasGR=0meansthatthereisnorelation
betweenYandX.IncontrasttoIG,theGRfavorsvariableswithfewervalues(Mwadulo,2016).

3.1.3 Relief-F (RF)
RF is an instance-based feature selection method. Accordingly, Saeys, et al. (2007) used RF to
evaluateafeaturebyhowwellitsvaluedistinguishessamplesthatarefromdifferentgroupsbutare
similartoeachother.

ForeachfeatureX,RFselectsarandomsampleandkofitsnearestneighborsfromthesame
classandeachofdifferentclasses.Then,Xisscoredasthesumofweighteddifferencesindifferent
classesandthesameclass.IfXisdifferentiallyexpressed,itwillshowgreaterdifferencesforsamples
fromdifferentclasses,thusyieldingahigherscore(orviceversa)asnotedinYildirim(2015).

3.1.4 OneR
OneRisasimplealgorithm.Itbuildsoneruleforeachattributeinthetrainingdataset;then,itselects
therulewiththesmallesterror.OneRtreatsallnumericallyvaluedfeaturesascontinuousandusesa
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straightforwardmethodtodividetherangeofvaluesintoseveraldisjointintervals.OneRalsohandles
missingvaluesbytreating“missing”asalegitimatevalue.

OneR is one of the most primitive schemes, producing simple rules based on one feature
only.Althoughitisaminimalformofaclassifier,OneRcanbeusefulfordeterminingabaseline
performanceasabenchmarkforotherlearningschemes(Novaković,2016).

3.2 Proposed Approach for Feature Selection
Inthisresearch,theuseofclusteringmethodisadvocatedgiventhattheoverarchinggoalofthisstudy
istoseeifsuchanapplicationwillimproveanticipatedresultsofthefiltermethodsbydetermining
similaritiesamongfeatures,andthereby,eliminatingthoseredundantones.

Notably,atwo-stepprocessisproposed.Theprocessessentiallycombinesfiltermethodswith
clusteringalgorithm;inthefirststep,thefiltermethodisappliedwithfourknownrankingmeasures,
namely,IG,GR,RFandOneR.Theobjectivehereistodeterminethemostrelevantfeaturesinthe
datasets.Withimplementingthefirststep,asortedlistoffeaturesfromthemostrelevanttotheless
relevantcanbegenerated.

Despite the simplicity of the filter method, it cannot determine dependencies between the
featuresintermofcomputationtime.Thus,theresultantfeaturesubsetinthedatasetcanandwill
stillcontainredundantfeatures.Forthisreason,thesecondstepisapplied,whichentailstheHAC
clusteringmethod.Theroleofapplyingthisalgorithmistodeterminesimilaritiesbetweeneachpairs
offeaturesinthedataset.

HACalgorithmiscommonlyusedbecauseitisconceptuallysimpleandproducesahierarchy
ofclusters.Beginningwitha largenumberof initialsmallclusters, theagglomerativeclustering
algorithmsiterativelyselecttwoclusterswiththelargestaffinityundercertainmeasurestomerge,
untilsomestoppingconditionisreached(Zhang,Zhao&Wang,2013).

Additionally,HACalgorithmcalculatessimilaritymatrixbasedononeofthesimilaritydistances.
TheoutputofHACisahierarchyofclusteredfeatures,presentedinadendrogram.HACalgorithm
hasanadvantageoverthek-means,whichrequiresthenumberkofclusterstobepre-specifiedprior
tousingthealgorithm;HACdoesnotrequirethenumberofclusterstobepre-specified.

Intheextantliterature,severalagglomerativeclusteringmethodshavebeenproposedbasedon
howthedistancebetweentwoclustersiscomputed.Examplesinclude:Singlelinkage,Complete
Linkage,AverageLinkage,Ward’sLinkage,CentroidLinkageandMedianLinkage.

OnefundamentalstepinHACistodetermineasimilarity(dissimilarity)measuretoidentifythe
degreeofsimilarity(dissimilarity)betweentwoobjectsorsets.Whilesimilarityisanamountthat
reflectsthestrengthofrelationshipbetweentwodataitems,dissimilaritydealswiththemeasurement
ofdivergencebetweentwodataitems(Irani,Pise&Phatak,2016).Basedonthesetwomethods,Filter
methodsandHACalgorithm,weproposedanapproachforfeatureselection.Figure2representsa
summarizedprocessofthisproposedintegratedapproach.

Asdescribed,theproposedintegratedapproachisdividedintotwosteps:Firststep,filtermethods
areappliedinthegivenmedicaldatasets.Followingthis,arankedlistofNfeaturesfromthemost
relevanttothelessrelevantfeaturesisgenerated.Itshouldbenotedthatinthisfirststep,allsetof
featureswouldbeconsideredwithoutusing the threshold. In thesecondstep,HACalgorithmis
appliedtoclusterthefeaturesofthemedicaldatasets.TheresultofthisstepisalistofK-clusters,
eachclustershowcasingthemostsimilarfeaturestoeachother.

Altogether,fromresultsgeneratedbyexecutingthesetwosteps,afinallistofN’selectedfeatures
willnowbemadeavailablebychoosingfromeachresultingclusterfromstep2themostrelevant
featureaccordingtotherankedlistoffeaturesobtainedfromstep1.

ItshouldbenotedthatthecentroidmethodforHACalgorithmwithtwosimilaritymeasureshas
beenemployedinthereportedstudy.

Thefirstsimilaritymeasureisthecosinedistancebetweentwopoints.Here,itiscomputedas
oneminusthecosineoftheincludedanglebetweenpoints(treatedasvectors);therefore,givenan
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m-by-ndatamatrixX,whichistreatedasm(1-by-n)rowvectorsx1,x2,...,xm,thecosinedistances
betweenthevectorxsandxtisgivenbyEquation(3)below(Bora,Jyoti,Gupta,&Kumar,2014):

d
x x

x x x x
st

s t

s s t t

= −
( )( )

1
'

' '
 (3)

Additionally,asecondsimilaritymeasure,thePearsoncorrelation,isalsousedwithitsformula
giveninEquation(4)as:
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X Y

X Y

E X Y
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whereµ
X

denotesthemeanandσ
X

thestandarddeviationofX(Berthold&Höppner,2016).
ThePearsoncorrelationmeasuresthecorrelationρ betweentworandomvariablesXandY.We

applied the two-steps approach in 4 medical datasets, namely: wdbc, Texture, Spectheart and
Movement-librasdatasetsof30attributes,40attributes,44attributesand90attributesrespectively.
Table1providesabriefdescriptionofthesedatasets;notably,themedicaldatasetsareobtainedfrom
UCIMachineLearningrepository(Dua,Dheeru,&Efi,2017).

Byapplyingtheaforementionedtwosteps:(a)rankingfeaturesbasedontheirrelevancypresented
intheleftbranchintheschema,and(b)clusteringfeaturesbasedontheirsimilaritypresentedin
therightbranchintheschema,themostrelevantandsimilarfeaturesmaynowbeidentifiedand

Figure 2. General schema of proposed approach
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generatedbychoosingfromeachresultingclusterthemostrelevantattributeaccordingtoaranked
listofattributes.

Our objective is to study the impact of clustering in filtering results, and to show how the
hybridizationofthefiltering-clusteringmethodsforfeatureselectioncanimprovethelimitedfiltering
resultsandincreasetheclassificationaccuracyinmostcases.

3.3 The Classification Methods
Numerousresearchershavereportedontheirinvestigationintotheperformanceofvariousclassification
methodsacrossthedataminingliterature(Aggarwal,2014).Amongthemostcommonmethodsused
indataclassiðcationaredecisiontrees(DTs),rule-basedmethods(RBM),probabilisticmethods(PM),
supportvectormachine(SVM)methods,instance-based(IB)methods,andneuralnetworks(NNs).

Awell-knownDTmethodisC4.5,whichhasbeenappliedinourexperiments.CBA(Classiðcation
basedonAssociations)isanexampleofRBMswhereasNaïveBayes(NB)classifierhasfrequently
beenusedinclassificationasitfitsinwithmanyprobabilisticmethods.TheNBclassifierispowerful
andfast.Anotherpopularclassifierisk-NN(k-NearestNeighbor),whichisanIBlearningmethod.
Manyofthemethodscitedabovefacedlimitationsandchallenges;forthisreason,recentresearchhas
proposedperformingdataanalyticsandclassificationbasedonashiftfromthemoretraditionalmeans.

Anewsupervisedlearningmodel,designedespeciallyforhigh-dimensionaldataandlarge-scale
applications,hasbeenproposedviathediscriminativeregressionapproach(Peng,Cheng,&Cheng,
2017).Here,theauthorsremarkedthatsuchashiftisnecessaryastheclassicsupervisedlearning
methodshavedifficultyinachievinggoodperformanceforhighdatadimension.Anovelmethod
calledweightedNBclassifierbasedontheNBclassifierhasalsobeenproposedin(Karabatak,2015)
toclassifythebreastcancerdatasets.Anothermorerecentpaperalsoemphasizesthediscriminative
regressionapproachtoclassiðcation(Peng&Cheng,2019).Itestimatesarepresentationforanew
examplebyminimizingtheðttingerrorwhileexplicitlyincorporatingdiscriminationinformation
betweenclasses.Theexperimentalresultsshowthattheproposeddiscriminantregressionmachine
outperformsseveralstate-of-the-artclassificationmethods.

Aside from these novel classification methods, the Multilayer Perceptron or MLP has been
widelyusedasanovelNNarchitectureforclassificationtask.MLPenablesapowerfulandrich
representationwithunitsbeingarrangedinlayerscomprisinganinputlayer,oneorseveralhidden
layers,andanoutputlayer.Owingtothelimitationofthescopeofthisresearchpaper,weareable
onlytobrieflyreviewsomeofthesenovelmethodsthatareofintereststothecurrentworkalthough
severalothernovelclassificationmethodshaveemerged.Tovalidatetheexperimentalresultsinthis
study,wehaveusedNB,C4.5,SVMandMLPclassifiers.

4. RESULTS AND DISCUSSIoN

Aspreviouslynoted,wehaveusedclusteringofvariablestoidentifysimilaritiesbetweenfeaturesto
improveonresultsinapplyingthefiltermethods;accordingly,weselectthemostrelevantfeatures
andeliminatetheredundantonesfromtheresultinglistofrankedfeaturesandk-clustersoffeatures.

Table 1. Description of medical datasets

Dataset Number of Attributes Number of Instances Number of Classes

Wdbc 30 569 2

Texture 40 5500 11

Spectheart 44 267 2

Movement-libras 90 360 15
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Followingtheseprocesses,wecannowproduceourfinalresultingsubsetoffeatures,bychoosing
fromeachclusteroneattributethatisthemostrelevant.Theserepresentativefeature(s)characterize
theothersimilar-typefeaturescontainedintherespectivecluster(s).Hence,theyautomaticallyprovide
thesameinformationandameanstofurthersimplifythecomplicatedanalyticprocessesneededin
theclassificationstep.

Wecomparetheresultsbasedontheaccuracyrate;morespecifically,wehighlighttheamelioration
intheproposedmethods’resultswhencomparedtotheaccuracyrateforthesimplefiltermethods’
results.Inthefirststep,wepresenttheresultsoftheexperimentofourproposedapproachbyusingthe
NBclassifier.Inthesecondstep,weusesequentialminimaloptimizationorSMO(animplementation
ofSVMclassifier),MLPandC4.5classifiersinordertomounttheperformancesoftheproposed
approach.Toimplementtheseclassifiers,theWeka(WaikatoEnvironmentforKnowledgeAnalysis)
oranopensourceJavasoftwareMLrunningenvironmenthasbeenemployedforalltheselected
classificationmethods.

Inordertoevaluatetheimpactofclusteringinthefiltermethodsresults,aseriesoftestshas
beenperformed.Theseinclude:(1)applyingthecentroidmethodforclusteringwithcosinemeasure,
withfourfiltermethods,and(2)withthePearsoncorrelation.

Thelimitationofclusteringmethodsisthattheycannotdeterminetheoptimalnumberofclusters
automatically.Asaresult,weappliedtwosolutionstodeterminethenumberofresultingclusters:
(1)Useoffixednumberofclusters;forthissolution,wechoosethevalueN’=N/3asthenumberof
resultingsubsetoffeatures;and(2)Cuttingthedendrogramin3levels.

Thesetestswereappliedforthefourmedicaldatasetscitedabove.Theexperimentalresultsare
summarizedintherespectiveTablesgivenbelow.Table2highlightstheresultsfortheTexturedataset
withcosinedistance.AsshowninTable2,itcanbeobservedthattheclusteringmethodimprove
filtermethodresultsforIGandRFwith13features,andOneRwith6,10,and13selectedfeatures.

Table3highlightstheresultsfortheWDBCdatasetwithcosinedistance.Fromtheapplication
oftheproposedapproachintheWDBCdataset,theenhancementofresultsisobservedinallcases
for8,10and14featuresandonlyinthecaseofIG,allselectedfeatures.

Table4highlightstheresultsfortheSpectheartdatasetwithcosinedistance.Resultsshowthat
accuracyhasimprovedinallcases,exceptforGRwith22features.

Table5highlightstheresultsfortheMovement-librasdatasetwithcosinedistance.Here,we
recognizetheimprovementofclassificationrateinallcases,betweenusingfiltermethodsalonev.
theuseoftheproposedapproach.

Asimilarexperimentationwasconductedusingcentroidmethodwiththefourrespectivedatasets
withthePearsoncorrelation.Table6highlightstheresultsfortheTexturedatasetwiththePearson
correlation.Here,resultsshowthattheaccuracyisimprovedforIGwith4features,RFwith4and
16features,andintwocaseswithOneR,namely,4and9features.

Table 2. Results for texture dataset with cosine distance

Num 
Att

Method

IG IG+clust GR GR+clust RF RF+clust OneR OneR+clust

6 76.3091% 74.0909% 81.0000% 74.7455% 77.8727% 75.4364% 73.3636% 76.0909%

10 80.0364% 76.1273% 80.3273% 77.0727% 79.2364% 77.5455% 77.5273% 78.6000%

13 79.5818% 80.2545% 81.9091% 80.7091% 79.3455% 80.6364% 78.9455% 79.4545%

20 79.8909% 78.5455% 78.5455% 78.5455% 80.5636% 79.1818% 79.9273% 78.0727%
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Table7highlightstheresultsfortheWDBCdatasetwiththePearsoncorrelation.Here,results
areverysatisfying,whereitisobservedthattheaccuracyisimprovedinallcaseswiththeuseof
proposedapproach.

Table8highlightstheresultsfortheSpectheartdatasetwiththePearsoncorrelation.Here,the
classificationrateisincreasedinallcases,exceptintwoinstances:OneRwith15featuresandGR
with22features.

Table 3. Results for WDBC dataset with cosine distance

Num Att Method

IG IG+clust GR GR+clust RF RF+clust OneR OneR+clust

5 94.3761% 95.2548% 94.3761% 94.3761% 95.4306% 93.4974% 94.3761% 94.0246%

8 93.1459% 96.6608% 94.2004% 96.3093% 94.7276% 95.0791% 94.3761% 95.4306%

10 92.9701% 95.0791% 93.8489% 95.0791% 94.3761% 94.9033% 92.9701% 95.0791%

14 93.4974% 94.9033% 93.3216% 94.3761% 94.3761% 95.0791% 93.3216% 94.3761%

Table 4. Results for Spectheart dataset with cosine distance

Num Att Method

IG IG+clust GR GR+clust RELIEFF RELIEF-F+clust ONER ONE-R+clust

6 72.6592% 76.4045% 70.7865% 74.1573% 65.1685% 74.9064% 61.4232% 62.1723%

11 68.1648% 73.7828% 69.6629% 73.7828% 67.7903% 73.4082% 61.4232% 63.6704%

15 70.4120% 74.9064% 67.7903% 74.1573% 67.0412% 74.5318% 62.1723% 65.5431%

22 70.7865% 71.5356% 71.9101% 71.5356% 66.6667% 71.5356% 62.5468% 65.5431%

Table 5. Results for movement-libras dataset with cosine distance

Num Att Method

IG IG+clust GR GR+clust RELIEFF RELIEF-F+clust ONER ONE-R+clust

12 33.6111% 72.5000% 38.0556% 69.7222% 30.5556% 74.1667% 47.2222% 71.9444%

23 53.8889% 75.0000% 51.3889% 73.0556% 54.1667% 74.7222% 60.5556% 74.1667%

30 56.3889% 73.0556% 58.0556% 71.1111% 61.3889% 72.7778% 62.5000% 71.9444%

45 68.6111% 75.8333% 66.6667% 76.1111% 64.1667% 75.5556% 68.0556% 74.1667%

Table 6. Results for texture dataset with the Pearson correlation

Num Att Method

IG IG+clust GR GR+clust RELIEFF RELIEF-F+clust ONER ONE-R+clust

4 73.6827% 75.0727% 75.9818% 73.8182% 73.5818% 77.4364% 65.7091% 75.9818%

9 78.4000% 77.9091% 82.6545% 80.6545% 78.6545% 78.5091% 77.3636% 78.5818%

13 79.5818% 76.9091% 81.9091% 79.7636% 79.3455% 77.7273% 78.9455% 77.4364%

16 79.2909% 78.3636% 81.7091% 78.7455% 78.9455% 79.0364% 79.1818% 78.1636%
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Table9highlights the results for theMovement-librasdatasetwith thePearson correlation.
Theappliedapproachherealsoprovidesgoodresultsasitisobservedthatclassificationaccuracy
isenhancedinallcases.

Altogether,weseefromtheobtainedresultsthattheproposedapproachcanenhanceclassification
accuracy.Specifically,thisimprovementmaybeachievedviathetwodifferentmetrics:(a)viathe
Cosinedistancemetric;and(b)viathePearsoncorrelationmetric.

Table10summarizes the threebestresultsfirstobtained.With theexceptionof theTexture
dataset,wefindthattheproposedapproachprovidesabetterclassificationforalldatasets.Weargue
that the IG+Clusteringapproach,whenapplied toboth theSpectheart and theMovement-libras
datasets,dominateswitharatehigherthan76%withthetwocentroidmethodmeasures.Similarly,the
IG+Clusteringapproach,whenappliedtotheWDBCdatasetwithcosinedistance,achievedabetter
performanceof96.66%.However,withtheTexturedataset,theGR+Clusteringapproachachieves
onlya1.2%lessperformancethantheGRapproach(80.7091%vs.81.9091%).

Toimprovetheexperimentalresults, theproposedapproachwithmoreclassifiers, including
SMO,MLPandC4.5,wasappliedtothevariousdatasets.Theexperimentalresultsshowthatthe
proposedapproachenhancesresultsforthefiltermethodsforallclassifiersassummarizedinTables

Table 7. Results for WDBC dataset with the Pearson correlation

Num Att Method

IG IG+clust GR GR+clust RELIEFF RELIEF-F+clust ONER ONE-R+clust

6 94.5518% 95.6063% 94.5518% 95.7821% 94.7276% 95.6063% 94.5518% 95.0791%

9 94.2004% 95.4306% 94.2004% 95.0791% 94.0246% 96.1336% 94.2004% 95.6063%

10 92.9701% 94.5518% 93.8489% 94.2004% 94.3761% 95.0791% 92.9701% 94.2004%

16 93.4974% 94.7276% 93.4974% 95.0791% 94.0246% 94.9033% 92.9701% 94.3761%

Table 8. Results for spectheart dataset with Pearson correlation

Num Att Method

IG IG+clust GR GR+clust RELIEFF RELIEF-F+clust ONER ONE-R+clust

11 68.1648% 76.4045% 69.6629% 74.5318% 67.7903% 73.4082% 61.4232% 63.6704%

15 70.4120% 75.6554% 67.7903% 74.9064% 67.0412% 73.0337% 62.1723% 61.0487%

18 70.7865% 73.0337% 69.2884% 72.6592% 67.4157% 71.9101% 62.1723% 63.6704%

22 70.7865% 71.5356% 71.9101% 71.5356% 66.6667% 71.5356% 62.5468% 65.5431%

Table 9. Results for movement-libras dataset with Pearson correlation

Num Att Method

IG IG+clust GR GR+clust RELIEFF RELIEF-F+clust ONER ONE-R+clust

6 33.0556% 65.2778% 35.0000% 57.5000% 21.6667% 60.0000% 31.9444% 57.2222%

15 39.4444% 72.2222% 40.5556% 71.3889% 39.4444% 76.1111% 55.5556% 71.6667%

26 55.0000% 76.1111% 55.5556% 75.0000% 58.3333% 74.4444% 59.7222% 73.8889%

30 56.3889% 74.1667% 58.0556% 72.7778% 61.3889% 74.1667% 62.5000% 73.0556%
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11,12,13and14.Asshown,thevariousfeatureselectionmethodsyieldingthesuperioraccuracy
ratesforresultsdrawnoneachrespectivemedicaldatasetshavebeenmarkedinbold.

Table11andTable12containtheresultsfortheWDBCandtheTexturedatasetrespectively,with
thecosinedistanceandthePearsoncorrelation.Resultsforthefour(4)classifiersaredisplayed.We
notethatresultsobtainedbythefiltermethodswithIGmeasureforWDBCisimprovedby3.515%
(96.661%v.93.146%)forNBclassifier.

Additionally,whenadoptingtheproposedapproach,animprovementofmorethan1.4%maybe
seenfortheotherclassifiers.Similarly,fortheTexturedataset,animprovementintheaccuracyrate
forSMOclassifierby2.273%(97.127%v.94.855%)whenRFisappliedintheproposedapproach.

Table13andTable14summarizetheresultsobtainedforSpectheartandMovement-librasdatasets
respectively,withthecosinedistanceandthePearsoncorrelation.Again,exceptfortheSpectheart
datasetwiththeSMOclassifier,resultsshowpromisingimprovementsinmostcases.

Inother cases, an improvementofmore than6% (98.502%v. 91.760%) is obtainedvia the
applicationoftheproposedapproachwhenapplyingboththeRFandMLPclassifier.Aswell,for
methodsimplementedwithIG,animprovementofmorethan3%(76.405%v.72.659%)and(98.502%
v.94.008%)maybeobservedwithboththeNBandC4.5classifiers.

AsshowninTable14,fortheMovement-librasdataset,asignificantimprovementinclassification
accuracycanbeobserved.Specifically,whenapplyingeithertheRFand/orNBclassifieronthe
Movement-libras dataset, the accuracy rate is observed to jump by 36% (76.111% v. 39.444%).
Relatively impressive improvement can also be observed with the SMO Classifier via OneR
application,resultinginanotableimprovementofmorethan10%(76.944%v.66.667%).

Inpreviousexperiments, theresultshaveonlybeencomparedwith thesimplefiltermethod
results. In thecurrent research,acomparativestudyof resultsobtainedby theproposedmethod
v.otherexistingand/oremergingones,asnotedintheextantliterature,hasbeenconducted.Such
methodsincludethewrappermethod(Best-First+WrapperSubSetEval);FCBF+SymSetEval;PSO
searchwithCorrelationFeatureSelectionorCFS;andBest-FirstwithCFS.

Notably,SymSetEvalreferstoSymmetricalUncertaintyAttributeSetEvaluator,whichevaluates
theworthofasetofattributesbymeasuringthesymmetricaluncertaintywithrespecttoanotherset
ofattributes.AsforCFSorCorrelation-basedFeatureSubsetSelection,themethodevaluatesthe

Table 10. Synthesis of the experimental results

Dataset Attribute Results Approach Centroid Method Measure

Texture 13 81.9091% GR cosinedistance

13 80.7091% GR+Clust cosinedistance

13 80.6364% RF+Clust cosinedistance

WDBC 8 96.6608% IG+Clust cosinedistance

8 96.3093% GR+Clust cosinedistance

9 96.1336% RF+clust Pearsoncorrelation

Spectheart 6 76.4045% IG+Clust cosinedistance

11 76.4045% IG+Clust Pearsoncorrelation

15 75.6554% IG+Clust Pearsoncorrelation

Movement-libras 45 76.1111% GR+clust cosinedistance

26 76.1111% IG+Clust Pearsoncorrelation

15 76.1111% RF+Clust Pearsoncorrelation
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worthofasubsetofattributesbyconsideringtheindividualpredictabilityofeachfeaturealongwith
thedegreeofredundancybetweenthem.

Table15summarizestheresultsobtainedfromimplementingtheproposedmethodascompared
withresultsobtainedbyexistingmethodsdrawnfromtheextantliterature.Wehighlightbestresults

Table 11. Summary of classification results for the WDBC dataset

WDBC Cosine + Centroid Pearson + Centroid

Method NoF NB SMO MLP C4.5 NoF NB SMO MLP C4.5

IG

5 94.3761 94.5518 95.0791 95.7821 6 94.5518 94.0246 96.8366 95.7821

8 93.1459 94.0246 97.0123 95.7821 9 94.2004 94.2004 96.8366 98.594

10 92.9701 94.3761 96.8366 99.297 10 92.9701 94.3761 96.8366 99.297

14 93.4974 93.8489 97.188 99.4728 16 93.4974 94.2004 98.2425 99.297

IG+clus

5 95.2548 95.2548 96.4851 98.0668 6 95.6063 96.1336 97.3638 98.2425

8 96.6608 96.8366 98.4183 98.9455 9 95.4306 96.4851 98.2425 98.2425

10 95.0791 97.3638 98.594 99.297 10 94.5518 96.3093 98.594 98.2425

14 94.9033 96.8366 98.7698 99.1213 16 94.7276 96.6608 98.2425 99.1213

GR

5 94.3761 94.5518 95.0791 95.7821 6 94.5518 94.0246 96.8366 95.7821

8 94.2004 94.2004 96.6608 96.4851 9 94.2004 94.2004 96.8066 96.4851

10 93.8489 94.3761 96.8366 97.5395 10 93.8489 94.3761 96.8366 97.5395

14 93.3216 94.0246 98.0668 99.297 16 93.4974 96.6608 98.9455 99.297

GR+clus

5 94.3761 93.8489 95.4306 97.3638 6 95.7821 95.9578 97.891 98.4183

8 96.3093 96.6608 98.0668 98.9455 9 95.0791 96.6608 98.2425 98.2425

10 95.0791 96.8366 98.4183 99.1213 10 94.2004 96.6608 96.3093 98.2425

14 94.3761 97.5395 98.4183 99.1213 16 95.0791 97.5395 98.2425 99.1213

RF

5 95.4306 96.3093 97.0123 97.891 6 94.7276 96.4851 97.0123 97.891

8 94.7276 96.4851 98.594 98.4183 9 94.0246 96.4851 98.2425 98.4183

10 94.3761 96.8366 99.1213 98.4183 10 94.3761 96.8366 99.1213 98.4183

14 94.3761 97.3638 98.9455 98.594 16 94.0246 97.3638 98.4183 99.297

RF+clus

5 93.4974 95.2548 96.3093 97.3638 6 95.6063 96.6608 98.594 98.594

8 95.0791 96.8366 98.594 98.594 9 96.1336 96.6608 98.4183 98.594

10 94.9033 97.0123 98.9455 98.594 10 95.0791 98.2425 97.0123 98.594

14 95.0791 97.0123 98.594 98.9455 16 94.9033 97.7153 98.594 98.9455

OneR

5 94.3761 94.5518 95.0791 95.7821 6 94.5518 94.0246 96.6608 95.7821

8 94.3761 94.2004 96.8366 98.594 9 94.2004 94.2004 96.6608 98.594

10 92.9701 94.3761 97.0123 99.297 10 92.9701 94.3761 97.0123 99.297

14 93.3216 94.0246 98.0668 99.297 16 92.9701 94.7276 98.2425 99.1213

OneR+clus

5 94.0246 95.2548 96.8366 97.188 6 95.0791 96.4851 97.891 98.2425

8 95.4306 96.6608 98.594 98.2425 9 95.6063 96.6608 98.2425 98.2425

10 95.0791 97.3638 98.7698 99.297 10 94.2004 96.6608 98.7698 98.2425

14 94.3761 97.3638 98.0668 99.1213 16 94.3761 97.3638 98.4183 99.1213
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obtainedastabulated.NotethatBest-First+SubsetEval,FCBF+SymmetricalEval,PSO+CFS
andCFS+Best-Firstfeatureselectionmethodsusedinthetableautomaticallyselectthenumberof
features.Thus,ineachcase,weprovidetheaccuracyrateobtainedbytheproposedapproachbased
onthenumberofselectedfeaturesandtheobservedperformanceaccuracy.

Table 12. Summary of classification results for the texture dataset

Texture Cosine + Centroid Pearson + Centroid

Method NoF NB SMO MLP C4.5 NoF NB SMO MLP C4.5

IG

6 76.3091 85.9273 90.3636 95.9636 4 73.6727 80.2545 82.0909 91.4727

10 80.0364 93.3455 98.2182 98.3455 9 78.4 91.8182 97.7273 97.7818

13 79.5818 93.7455 99.3636 98.5273 13 79.5818 93.7455 99.3636 98.5273

20 79.8909 97.2182 99.8545 98.6909 16 79.2909 95.2182 99.7818 98.7636

IG+clus

6 74.0909 85.0727 87.6727 95.7273 4 75.0727 81.4 83.3091 92.7273

10 76.1273 90.5636 96.2182 97.4545 9 77.9091 92.5818 96.8364 97.8364

13 80.2545 96.3455 99.3636 98.8182 13 76.9091 95.5636 99.4364 98.5091

20 78.5455 98.0727 99.9273 98.8182 16 78.3636 97.0545 99.8909 98.5636

GR

6 81 90.8727 93.0182 97.6909 4 75.9818 84.6545 85.2545 92.8

10 80.3273 94.0727 97.9091 98.2727 9 82.6545 93.4545 97.1091 98.1091

13 81.9091 94.7273 99.1455 98.4182 13 81.9091 94.7273 99.1455 98.4182

20 78.5455 96.7455 99.9636 98.8182 16 81.7091 96.1818 99.6727 98.6364

GR+clus

6 74.7455 86.8182 89.1818 96.2 4 73.8182 79.3636 78.7636 91.2727

10 77.0727 92.3455 95.5091 97.8364 9 80.6545 94.2909 97.5273 98.3455

13 80.7091 96.9636 99.4909 98.6727 13 79.7636 95.6364 99.5636 98.6727

20 78.5455 98.0727 99.9273 98.8182 16 78.7455 97.0909 99.8545 98.7273

RF

6 77.8727 85.2727 88.7455 95.2909 4 73.5818 78.5273 80.5273 89.3091

10 79.2364 91.4909 96.4909 97.6545 9 78.6545 90.2727 95.1455 97.2909

13 79.3455 94.9636 99.5091 98.4 13 79.3455 94.9636 99.5091 98.2727

20 80.5636 98 99.9636 98.7273 16 78.9455 94.8545 99.6545 98.4364

RF+clus

6 75.4364 85.5818 91.8727 95.6545 4 77.4364 82.6727 84.0727 92.8364

10 77.5455 94.3455 98.0909 98.0182 9 78.5091 93.0909 97.2364 97.9336

13 80.6364 96.4182 99.3273 98.8545 13 77.7273 95.9091 99.4364 98.4727

20 79.1818 98.3818 99.9273 98.7818 16 79.0364 97.1273 99.8909 98.8727

OneR

6 73.3636 84.9455 91.6364 95.6545 4 65.7091 77.6364 81.2545 89.3636

10 77.5273 93.0909 98.0909 98.0182 9 77.3636 92.2364 97.4182 97.7455

13 78.9455 94.2545 99.0364 98.4182 13 78.9455 94.2545 99.0364 98.3636

20 79.9273 96.6182 99.9818 98.7455 16 79.1818 95.1818 99.8 98.5091

OneR+clus

6 76.0909 86.6364 92.7818 95.5273 4 75.9818 82.9273 85.0727 93.5091

10 78.6 95.4182 98.7091 98.0182 9 78.5818 93.6545 96.8364 98.1091

13 79.4545 96.7273 98.9636 98.4909 13 77.4364 95.4545 98.8 98.4909

20 78.0727 97.8 99.8909 99 16 78.1636 96.5636 99.6727 98.7818
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FromTable15,itmaybearguedthattheproposedapproachgenerallyyieldsimprovedaccuracy
forclassifyingmedicaldatasets;morespecifically,ninecasesamongalloftheappliedclassifiersand
featureselectionmethodshavebeennotedtoachievesuperiorclassificationaccuracyperformance.
Notwithstanding,inothercases,somecombinationoffeatureselectionmethodsandclassifierssuch
asthewrappermethodsandvariousclassifiersfortheTextualdatasetcanbeseentobesuperiorto
theproposedapproach.

Table 13. Summary of classification results for Spectheart dataset

Spectheart Cosine + Centroid Pearson + Centroid

Method NoF NB SMO MLP C4.5 NoF NB SMO MLP C4.5

IG

6 72.6592 79.4007 82.7715 89.8876 11 68.1648 79.4007 86.5169 90.6367

11 68.1648 79.4007 86.5159 90.6367 15 70.412 79.4007 89.5131 94.0075

15 70.412 79.4007 89.5131 94.0075 18 70.7865 79.4007 93.633 94.0075

22 70.7865 79.4007 91.0112 98.1273 22 70.7865 79.4007 91.0112 98.1273

IG+clus

6 76.4045 79.4007 84.6442 85.0187 11 76.4045 79.4007 90.2622 94.7566

11 73.7828 79.4007 89.1386 96.2547 15 75.6554 79.4007 93.2584 97.7528

15 74.9064 79.4007 89.8876 98.5019 18 73.0337 79.4007 96.2547 98.1273

22 71.5356 79.4007 97.0037 98.5019 22 71.5356 79.4007 97.3783 97.7528

GR

6 70.7865 79.4007 82.7715 86.1423 11 69.6629 79.4007 84.2697 88.3895

11 69.6629 79.4007 84.2697 88.3895 15 67.7903 79.4007 87.6404 96.2547

15 67.7903 79.4007 87.6404 96.2547 18 69.2884 79.4007 93.633 98.1273

22 71.9101 79.4007 96.6292 98.1273 22 71.9101 79.4007 96.6292 98.1273

GR+clus

6 74.1573 79.4007 84.6442 82.7715 11 74.5318 79.4007 91.0112 94.7566

11 73.7828 79.4007 89.1386 96.6292 15 74.9064 79.4007 92.1348 97.3783

15 74.1573 79.4007 92.8839 97.7528 18 72.6592 79.4007 95.1311 98.1273

22 71.5356 79.4007 97.0037 98.5019 22 71.5356 79.4007 97.3783 97.7528

RF

6 65.1685 79.4007 79.4007 81.2734 11 67.7903 79.4007 85.7678 90.6367

11 67.7903 79.4007 85.7678 90.6367 15 67.0412 79.4007 87.2659 95.5056

15 67.0412 79.4007 87.2659 95.5056 18 67.4157 79.4007 89.5131 97.0037

22 66.6667 79.4007 91.7603 98.1273 22 66.6667 79.4007 91.7603 98.1273

RF+clus

6 74.9064 79.4007 83.5206 82.397 11 73.4082 79.4007 87.6404 95.5056

11 73.4082 79.4007 91.7603 88.764 15 73.0337 79.4007 93.633 91.7603

15 74.5318 79.4007 93.2584 97.7528 18 71.9101 79.4007 94.382 97.7528

22 71.5356 79.4007 98.5019 98.1273 22 71.5356 79.4007 96.6292 86.5169

OneR

6 61.4232 79.4007 80.1498 88.015 11 61.4232 79.4007 86.8914 92.1348

11 61.4232 79.4007 86.8914 92.1348 15 62.1723 79.4007 88.764 97.7528

15 62.1723 79.4007 88.764 97.7528 18 62.1723 79.4007 93.633 97.7528

22 62.5468 79.4007 94.7566 97.7528 22 62.5468 79.4007 94.7566 97.7528

OneR+clus

6 62.1723 79.4007 81.2734 83.5206 11 63.6704 79.4007 91.3858 83.5206

11 63.6704 79.4007 91.3858 83.5206 15 61.0487 79.4007 91.7603 92.5094

15 65.5431 79.4007 93.633 81.2734 18 63.6704 79.4007 95.5056 97.3783

22 65.5431 79.4007 96.2547 92.8839 22 65.5431 79.4007 93.633 97.7528
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5. CoNCLUSIoN

In thispaper,weproposedanovelhybrid feature selectionapproachbasedonan integrationof
commonlydeployedfiltermethodsandthehierarchicalagglomerativeclusteringorHACmethod.
Theprimaryobjectiveofadoptingthisuniqueapproachistoaugmentresultstypicallyobtainedwith
justapplyingthefiltermethods;moreimportantly,theunderlyingrationaleistoeliminateredundant
andirrelevantfeatureseffectivelyandmeaningfullywiththeintelligentclusteringofvariables.

Table 14. Summary of classification results for the movement-libras dataset

Movlibras Cosine + Centroid Pearson + Centroid

Method NoF NB SMO MLP C4.5 NoF NB SMO MLP C4.5

IG

12 33.6111 35 62.2222 81.6667 6 33.0556 27.7778 56.3889 80.2778

23 53.8889 56.6667 85.2778 89.4444 15 39.4444 40.8333 67.5 83.0556

30 56.3889 61.1111 87.5 90.2778 26 55 58.6111 86.3889 89.7222

45 68.6111 75.5556 92.7778 92.7778 30 56.3889 61.1111 87.5 90.2778

IG+clus

12 72.5 68.8889 88.6111 92.2222 6 65.2778 60.2778 77.7778 88.8889

23 75 72.2222 90.5556 93.3333 15 72.2222 70.8333 89.4444 92.2222

30 73.0556 75.2778 90.2778 93.8889 26 76.1111 76.1111 92.5 92.7778

45 75.8333 81.1111 89.7222 93.3333 30 74.1667 76.6667 91.1111 91.9444

GR

12 38.0556 36.9444 67.5 82.7778 6 35 32.2222 54.1667 80

23 51.3889 60 84.4444 91.3889 15 40.5556 40 70.2778 87.2222

30 58.0556 60.5556 87.5 90.2778 26 55.5556 61.1111 85.2778 90.5556

45 66.6667 73.8889 92.2222 93.0556 30 58.0556 60.5556 87.5 90.2778

GR+clus

12 69.7222 68.3333 87.7778 94.1667 6 57.5 52.5 77.2222 86.3889

23 73.0556 72.5 90.5556 92.5 15 71.3889 71.1111 90.8333 93.8889

30 71.1111 74.7222 90.2778 93.8889 26 75 74.1667 90.5556 93.0556

45 76.1111 80.8333 89.7222 92.5 30 72.7778 76.1111 91.9444 93.3333

RF

12 30.5556 34.1667 59.1667 83.8889 6 21.6667 21.6667 28.3333 71.1111

23 54.1667 64.7222 89.1667 90.8333 15 39.4444 38.0556 68.0556 83.0556

30 61.3889 67.5 88.3333 91.3889 26 58.3333 61.6667 88.3333 91.3889

45 64.1667 74.7222 91.9444 93.3333 30 61.3889 67.5 88.3333 91.3889

RF+clus

12 74.1667 66.1111 88.6111 92.2222 6 60 56.1111 76.9444 87.7778

23 74.7222 75 90.5556 94.1667 15 76.1111 70.5556 89.4444 93.0556

30 72.7778 75.8333 91.1111 94.7222 26 74.4444 76.3889 90 93.8889

45 75.5556 81.9444 91.6667 94.1667 30 74.1667 76.9444 89.4444 94.1667

OneR

12 47.2222 54.1667 85.5556 90.2778 6 31.9444 30 55.5556 81.1111

23 60.5556 68.6111 88.6111 92.2222 15 55.5556 58.8889 86.3889 91.6667

30 62.5 70.8333 90.8333 91.9444 26 59.7222 66.6667 90 92.2222

45 68.0556 79.4444 94.4444 93.3333 30 62.5 70.8333 90.8333 91.9444

OneR+clus

12 71.9444 70 87.2222 91.1111 6 57.2222 53.0556 81.3889 91.3889

23 74.1667 76.1111 92.2222 92.7778 15 71.6667 67.7778 92.5 93.3333

30 71.9444 76.3889 90.8333 93.6111 26 73.8889 76.9444 90.8333 93.3333

45 74.1667 80.5556 89.7222 92.7777 30 73.0556 76.1111 89.4444 93.6111
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Inthisstudy,fourrelevancemeasurements:IG,GR,RFandOneR,andtwosimilaritymeasures
(CosinedistanceandthePearsoncorrelation)havebeenchosentoevaluateandcompareamongthe
resultsofthevariouslyappliedclassificationmodels.Thepurposeistoevaluateiftheclassification
accuracyusingNB,SMO,MLPandC4.5 classifiersmaybe enhancedusing ahybridizationof
filtermethodswithagglomerativeclusteringmethod.Resultshaveshownapositiveimpactofthe
clusteringtechniqueontoapplicationofthefilteringmethodswiththeproposedapproachproviding
asuperiorclassificationforalldatagenerally.However,wenotethatIG+Clusteringdominateswith
betterperformance.

Table 15. A comparative study of the proposed approach with various feature selection methods

Dataset
FS Method

Wrapper 
method

FCBF+ 
SymSetEval PSO+CFS BestFirst+CFS Proposed 

Approach

WDBC

NB 94.3761%
6features

95.2548%
7features

94.2004%
11features

95.2548%
10features

95.7821%
6 features

SMO 96.4851%
6features

96.3093%
7features

96.6608%
11features

96.6608%
10features

96.6608%
6 features

MLP 97.7153%
6features

98.4183%
7features

98.594%
11features

98.594%
10features

98.594%
6 features

C4.5 98.9455%
6features

98.2425%
7features

99.1213%
11features

98.9455%
10features

99.297%
10 features

Texture

NB 77.5455%
22features

82.6364%
7features

82.6545%
14features

83.2545%
10features

79.188%
20features

SMO 98.4545%
22 features

92.2909%
7features

97.4727%
14features

95.8%
10features

97.1273%
16features

MLP 99.9455%
22 features

96.0364%
7features

99.6727%
14features

98.2727%
10features

98.2727%
10features

C4.5 98.8727%
22 features

98.1273%
7features

98.7273%
14features

98.5636%
10features

98.8545%
13features

Spectheart

NB 74.5318%
3features

72.6592%
7features

71.1611%
20features

71.9101%
21features

76.4045%
6 features

SMO 79.4007%
3 features

79.4007%
7features

79.4007%
20features

79.4007%
21features

79.4007%
features

MLP 81.2734%
3features

86.1423%
7features

93.633%
20features

95.8801%
21 features

95.5056%
18features

C4.5 81.2734%
3features

89.1386%
7features

97.3783%
20features

98.1273%
21features

98.1273%
18 features

Movement-
libras

NB 61.9444%
11features

74.4444%
10features

70.8333%
37features

72.2222%
26features

76.1111%
15 features

SMO 63.6111%
11features

69.7222%
10features

80.0000%
37features

77.2222%
26features

96.94444%
26 features

MLP 88.611%
11features

90.2778%
10features

90.2778%
37features

94.1667%
26 features

92.2222%
23features

C4.5 93.0556%
11features

91.9444%
10features

93.6111%
37features

92.2222%
26features

94.1667%
23 features
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5.1 Limitations
Thestrengthofourworkistheuseofavarietyofsimilarityandrelevancemeasurementstohave
clearandvalidresultsabouttheimpactofclusteringinfilterresults.However,theproposedapproach
cancausehighcomputationtimeespeciallyforhighdimensionaldatasets.

Akeylimitationofourresearchistoaddressthequestionofhowtoautomaticallyselectthe
numberofselectedfeatures;moreover,afurtherlimitationisthechallengetovalidateevolvingdata
analyticsenvironmentsintherealworldasincreasinglymassiveamountsofdiverseformatteddata,
informationandknowledgehaveevolvedonvariousmedicalconditionsoverthepriorandcoming
decades.

5.2 Feature work
Ourvisionforfutureresearchistoextendtheproposednovelapproachandapplicationsinmultiple
ways,forexample,bydevelopinganeffectivewaytoautomaticallyselecttheoptimalnumberof
features,promotingagreaterintegrationofnature-inspiredfeatureselectionmethodswithclassical-
basedfiltermethods,andtheapplicationsofthesedataanalyticmethodologiesacrossmanymorereal-
worlddomainsinwhichdatabasesmayhavealreadybeenaccumulatedinthecontextofpresumably
secureddatainfrastructuralenvironments,whichhaveevolvedfromadvancesinartificialintelligence
andotheremergingcomputationaltechnologies.
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