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ABSTRACT

One of the main problems in K-means clustering is setting of initial centroids which can cause
misclusteringofpatternswhichaffectsclusteringaccuracy.Recently,adensityanddistance-based
techniquefordetermininginitialcentroidshasclaimedafasterconvergenceofclusters.Motivated
from this key idea, the authors study the impact of initial centroids on clustering accuracy for
unsupervisedfeatureselection.Threemetricsareusedtorankthefeaturesofadataset.Thecentroids
oftheclustersinthedatasets,tobeappliedinK-meansclustering,areinitializedrandomlyaswell
asbydensityanddistance-basedapproaches.Extensiveexperimentsareperformedon15datasets.
ThemainsignificanceofthepaperisthattheK-meansclusteringyieldshigheraccuraciesinmajority
ofthesedatasetsusingproposeddensityanddistance-basedapproach.Asanimpactofthepaper,
withfewerfeatures,agoodclusteringaccuracycanbeachievedwhichcanbeusefulindatamining
ofdatasetswiththousandsoffeatures.
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1. INTRodUCTIoN

Thecurseofdimensionalityisamajorprobleminlargedatasets.Adimensioniscommonlyknown
bynameslikefeatureorattributeorpropertyorevencolumninadataset.Inordertosavemoreand
moreinformation,manyirrelevantfeaturesarealsopreservedinadatasetandthesefeaturescanbe
contributingnothingwhileclassifyingthedatasetfortakingsomeinferenceoutofitandsometimes
evenaddingtomisclassificationofpatterns.Adatasetwithlargedimensionalitymayincreasethe
timeandspacecomplexitywileclassifying it.Morespecifically, theperformanceofaclassifier
depends on several factors: i) number of training instances. ii) Dimensionality, i.e., number of
features,andiii)complexityoftheclassifier(Saxenaetal.,2010).Featureselectionisanimportant
componentinpatternrecognition(Dudaetal.,2001).FeatureSelectioncanbedoneinsupervised
orunsupervisedmanner.Whenfeatureselectiontechniquesusetheknowledgeofclassgiveninthe
datasets,itiscalledsupervisedfeatureselection.Featureselectionwithoutusingclassinformationis
calledunsupervisedfeatureselection.Forunsupervisedfeatureselection,Mitra(Mitraetal.,2010),
proposedamethodthatpartitionsoriginalfeaturesetintodistinctsubsetsorclusterssothatfeatures
inoneclusterarehighlysimilarwhilethoseindifferentclustersaredissimilar.Asinglefeatureis
thenselectedfromeachclustertoformareducedfeaturesubset.FeatureSelectionforclusteringis
discussedin(Dashetal.,2000).DyandBrodley(2000)presentedawrapperframeworkforfeature
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selection,clusteringandorderidentificationconcurrently.Basu(Basuetal.,2000),discussedseveral
methodsforfeatureselectionbasedonmaximumentropyandmaximumlikelihoodcriteriabutthe
proposedstrategyforfeatureselectiondependsonthemethodusedtoestimateuni-variatedata.Pal
etal.(2000)proposedanunsupervisedneuro-fuzzyfeaturerankingmethod.Theyusedacriterion
tomeasurethesimilaritybetweentwopatternsintheoriginalfeaturespaceandinatransformed
featurespace.Thetransformedfeaturespaceisobtainedbymultiplyingeachfeaturebyacoefficient
wininterval[0,1].Thiscoefficientislearnedthroughafeed-forwardneuralnetwork.Aftertraining,
thefeaturesarerankedaccordingtothevaluesoftheseweights.Highervaluesofwiindicatehigher
importanceandhencehigherranks.Usingthisrank,therequirednumberoffeaturesisselected.A
newcorrelation-basedapproachtofeatureselection(CFS)ispresentedinworkfromHall(2000).
CFS uses the features’ predictive performances and inter-correlations to guide its search for a
goodsubsetoffeatures.ExperimentsondiscreteandcontinuousclassdatasetsrevealthatCFScan
drasticallyreducethedimensionalityofdatasetswhilemaintainingorimprovingtheperformance
oflearningalgorithms.TheredundancybetweentworandomvariablesXandYisusedtodefinea
testofredundancyin(Heydon,1971).Thistestcanbeusedtoeliminateredundantfeatureswithout
degradingperformanceofclassifiers.Featuresthatarelinearlydependentonotherfeaturesdonot
contributetowardspatternclassificationbylineartechniques.Inordertodetectthelinearlydependent
features,ameasureoflineardependenceisproposedin(Das,1971).

Thepresentworkfocusesmainlyonclusteringi.e.unsupervisedclassification.Forclustering,
K-means(MacQueen,1967)isamongthemostpopularmethodsappliedeventoday.InK-means
clustering,theinstances(patterns)areclusteredonthebasisofsomesimilarity,mostlyEuclidean
distance.Shorteristhedistance,higherwillbethesimilarity.Thepatternsinaclusterhaveminimum
Euclideandistancecompared to those inotherclusters. Inotherwords, the inter-clusterdistance
amongpatternsinK-meansishigh,whiletheintra-clusterdistanceislow.K-meansissimple,bench
markedandeasytouseandthisisoneofthereasonsforitspopularity.Butsomelimitationsfor
K-meansinclude(a)decidingtheinitialcentroids(b)decidingthevalueofK(c)evenifapatternis
quiteawkwardbutduetocompulsionofputtingitintooneoftheclusters,itisforcedtofitintoone
clusterwhichreducestheclusteringaccuracy(CA)ofacluster.Therehavebeenvariousobservations
andproposalstomodifyK-meansclustering.Analgorithmsimilartok-means,knownastheLinde-
Buzo-Gray (LBG) algorithm, was suggested for vector quantization (VQ) (Gersho et al., 1992)
forsignalcompression.Inthiscontext,prototypevectorsarecalledcodewords,whichconstitute
acodebook.VQaimstorepresentthedatawithareducednumberofelementswhileminimizing
informationloss.Fuzzyc-means(FCM)isaclusteringmethodwhichallowsonepointtobelongto
twoormoreclustersunlikeK-meanswhereonlyoneclusterisassignedtoeachpoint.Thismethod
wasdevelopedbyDunn(Dunn,1973)andimprovedbyBezdek(1981).TheprocedureofFCM(Xu
etal.2005)issimilartothatofbasicK-means(MacQueen,1967).Howeverthetimecomplexityof
KmeansismuchlessthanthatofFCMthusKmeansworksfasterthanFCM(Ghoshetal.2013).

Recently published Density and Distance based Centroids selection for K-means (hereafter
expressedasDDbasedK-means)byDuanetal.(2018)reportsafasteralgorithmwhere,inafew
numberof iterations, theclusteredareformedwiththecentroidswhichdonotchangeinfurther
iterations;comparedtobasicK-meanswhichtakesmorenumbersofiterationsforsettlingtofixed
centroids.MotivatedbythesefindingsandlimitationsofK-means,itsperformanceundernormal
(initialrandomcentroids)againstDDbasedcentroidselectionisinvestigatedinthispaper.Another
interestistoseetheaccuraciesobtainedbyasubsetoffeaturesunderthesetwoschemes.Itisadmitted
thattheusualsupervisedclassificationmethodswillproducehigheraccuracies(astargetclassisknown
duringtraining)buttheobjectivehereisnottoevaluatetheproposedworkonthebasisofaccuracies,
buttoobservehowmuchvariationsarereportedunderthesetwoschemesandunderdifferentsizes
ofsubsetsoffeatures.Thebenchmarkdatasetswithdifferentsizesoffeaturesandpatternshave
beenused tosee theperformanceofDDbasedK-meansclustering.Themaincontribution is to
developanewmodelforunsupervisedfeatureselection.Tojustifyit,K-meansclusteringfortesting
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