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ABSTRACT

Buildingclassificationmodelsfromreal-worlddatasetsbecameadifficulttask,especiallyindatasets
withhighdimensionalfeatures.Unfortunately,thesedatasetsmayincludeirrelevantorredundant
featureswhichhaveanegativeeffecton theclassificationperformance.Selecting thesignificant
featuresandeliminatingundesirablefeaturescanimprovetheclassificationmodels.Fuzzymutual
informationiswidelyusedfeatureselectiontofindthebestfeaturesubsetbeforeclassificationprocess.
However,itrequiresmorecomputationandstoragespace.Toovercometheselimitations,thispaper
proposesanimprovedfuzzymutualinformationfeatureselectionbasedonrepresentativesamples.
Basedonbenchmarkdatasets,theexperimentsshowthattheproposedmethodachievedbetterresults
inthetermsofclassificationaccuracy,selectedfeaturesubsetsize,storage,andstability.
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INTRodUCTIoN

Nowadays,classificationmodelshavevariousapplicationsinmanyareassuchasmedical,business,
engineering,lifeandsocialsciences.Asthesizeofreal-worlddatasetsfromtheseareascontinues
to increase,buildingclassificationmodelsbecomea significantlymoredifficult task (Janecek
et al., 2008). Although high-dimensional data include important features, it may also include
undesirabledatasuchasirrelevantandredundantfeatures.Thepresenceofundesirablefeatures
leadstoadecreaseinclassificationaccuracy(DashandLiu,2003;Vieiraetal.,2012).Moreover,
it increases storage space and memory usage (Dash and Liu, 2003; Janecek et al., 2008). So,
selectingrelevantfeaturesandeliminatingirrelevantorredundantfeatureshelpstobuildeffective
classificationmodels(Yuetal.,2011).

Featuresselectionasapreprocessingstepaimstoselecttheminimumsubsetthatdescribesthe
dataefficientlyandincreasestheclassificationaccuracy(GuyonandElisseeff,2003).Itcanbegrouped
intoawrapper,filter,andembeddedapproaches.Bothwrapperandembeddedapproachescanbe
consideredasclassifier-dependentfeatureselection,whilefilterapproachescanbeconsideredasa
classifier-independentfeatureselection(Bennasaretal.,2015).Inthisstudy,weusefilterapproach
accordingtoitsadvantagesoverwrapperorembeddedapproaches.Themainadvantagesoffilter
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approaches are classifier-independent, less time consuming and more practical for classification
models(Saeysetal.,2007).

Filterapproachestrytofilterundesirablefeaturesoutbeforeclassificationprocess(Garc´ıaetal.,
2015).Theyselectthehighlyrankedfeaturesbasedoncharacteristicsofthetrainingdata(Guyonand
Elisseeff,2003).Themaincharacteristicsofdatadependontworelations:relevanceandredundancy
(Chandrashekar and Sahin, 2014). Relevance describes how the features can discriminate the
differentclasses,whileredundancydescribeshowthefeaturesdependoneachother.Somaximizing
featurerelevanceandminimizingfeatureredundancyleadstobestfeatureranking.Toevaluatethe
characteristicsoffeatures,filterapproachusesmanyevaluationmeasuressuchascorrelation(Hall,
1999),Shannonmutualinformation(VergaraandEst´evez,2014).Correlationmeasuresaresuitable
onlyforalinearrelationshipamongfeatures,whileShannonmutualinformationissuitableforlinear
andnon-linearrelationsamongfeatures(Leeetal.,2012).However,Shannonmutualinformation
hassomelimitations:First,itrequiresdiscretizationstepbeforedealingwithcontinuousdata.But,
it is difficult to avoid information loss results fromdiscretization (Ching et al., 1995;Shenand
Jensen,2004).Second,itdependsonlyontheinner-classinformationwithoutconsideringouter-class
information(Liangetal.,2002).

Toovercometheselimitations,variousalgorithmsbasedonmutualinformationwithfuzzification
hasbeenintroducedinmanyliteratures.Yuetal.(2011).proposedafuzzymutualinformationusing
logarithmicconcept.Anotheralgorithmwasproposedtoestimateafuzzymutualinformationusing
complementinsteadoflogarithmicconcept(Zhaoetal.,2015).Bothoffuzzymutualinformation
algorithmsdependonthefuzzybinaryrelation.Thisrelationcanberepresentedinrelationmatrix.
Thesizeof relationmatrixdependson thenumberofsamples in the input feature.Eachrowor
columnintherelationmatrixrepresentstherelationbetweenonesampleandeachoftheremaining
samples.So,estimatingrelationmatrixrequiresmorestorageandcomputationaltime,especiallyfor
datasetswithatremendousamountofsamples(Yuetal.,2007).Motivatedbytheselimitationsof
fuzzymutualinformation,weproposedanewestimationofrelationmatrix.Tocreatethismatrix,
weestimatedtherelationbetweenonesampleandrepresentativesamples.Thesesamplesconsistof
theaveragesofdatasamplesbelongingtothesameclass.Usingrepresentativesamplesinsteadof
allsamplescanreducethesizeofrelationmatrix.

Thispaperisorganizedasfollows:Inthefollowingsection,weproposedfuzzymutualinformation
featureselection.Next,thefeatureselectionevaluationmeasuresaredefined.Thenwesetupthe
experiment.Afterthat,theexperimentalresultsarediscussed.Finally,thepaperisconcluded.

FUZZy MUTUAL INFoRMATIoN

Informationmeasures,suchasentropyandmutualinformation,arewidelyusedinfilterapproaches
(Battiti,1994).Thesemeasurescanbeextendedtodefinefuzzyentropyandfuzzymutualinformation.
Fuzzyentropyis theaverageamountofuncertaintywhichmeasures thediscriminativepowerof
fuzzyrelations(Huetal.,2007,2006),whilefuzzymutualinformationmeasurestherelevanceand
redundancyamongfuzzyrelations(Battiti,1994;Huetal.,2007).Inthefollowing,weproposea
newestimationofrelationmatrixforfuzzymutualinformationbasedonrepresentativesamplesusing
logarithmic andcomplement concepts.ThenmRMRapproach ispresented.Lastly,we integrate
normalizedfuzzymutualinformationwithmRMR.

Fuzzy Mutual Information Based on Representative Samples
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