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ABSTRACT

Spitzoid lesionsmaybe largely categorized intoSpitzNevus,AtypicalSpitzTumors, andSpitz
Melanomas.ClassifyingalesionpreciselyasAtypicalSpitzTumorsorASTischallengingandoften
requirestheintegrationofclinical,histological,andimmunohistochemicalfeaturestodifferentiate
ASTfromregularSpitzNevusandmalignantSpitzMelanomas.Specifically,thispaperaimstotest
severalartificialintelligencetechniquessoastobuildacomputer-aideddiagnosissystem.Aproposed
three-phaseapproach isbeing implemented. InPhase1,collecteddataarepreprocessedwithan
effectiveSMOTE-basedmethodbeingimplementedtotreattheimbalancedataproblem.Then,a
featureselectionmechanismusinggeneticalgorithm(GA)isappliedinPhase2.Finally,inPhase
3,a10-foldcross-validationmethodisusedtocomparetheperformanceofsevenmachine-learning
algorithmsforclassification.ResultsobtainedwithSMOTE-MultilayerPerceptronwithGA-based
14featuresshowthehighestclassificationaccuracy,specificity(0.98),andasensitivityof0.99.
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1. InTRoDUCTIon

Spitznevus,arareformofskinmole,tendstoaffectmostlyyoungpeopleandchildrenwithsome
2016statisticsclaimingthatabout7outofevery100,000individualsmaybeinflicted(Pedrosa,et
al.,2016).Typically,patientsdiagnosedwithSpitznevusareunder21yearsold(Sulit,etal.,2007).
Historically,suchtumorshadbeentreatedasamelanoma,identifyingwiththename,Benign juvenile 
melanoma;lateron,Dr.SophieSpitz,apathologist,characterizedanewclassofmelanocytictumor,
whichhasnowbeenpopularizedasSpitznevus(Spitz,1948).AccordingtoHarms,etal.(2015),
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theseSpitzoidmelanocyticlesionsmaybeclusteredintothreemaintypes:(a)Spitznevi;(b)Atypical
SpitzTumors;and(c)SpitzoidMelanomas(SM).

Figure1showstwodermoscopicimageswithFigure1AexhibitingSpitznevus(SN),andFigure
1BdepictingAtypicalSpitztumor(AST).Althoughclinicallyindistinguishable,theselesionsshare
somedermoscopicaswellashistologicfeatures(seeTable1).Arguably,theexactclinico-pathologic
definitionofASTisstillparticularlychallengingfordermatopathologists.Yet,thedebateconcerning
ASTprognosisisofhighestpriority,astheircomportmentcannotbeeasilypredicted.SNdisplays
adefinitebenignbehavior,whereasSMismalignantandparticularlyaggressive(Moscarella,etal.,
2015).Consequently,Spitzoidlesions,asubsetofmelanocyticskinlesions,arenotonlydifficultto
diagnosefromaclinicalviewpoint,butfrombothhistologicaland/ordermoscopicalperspectives
aswell.

Blum,etal.(2003)arguethatSNisdiagnosedtypicallybydermatologistsconductingvisual
inspectionsofmoleusingclinicalassessmenttoolssuchasABCDE(Asymmetry,Border,Color,
Diameter,andEvolution).Evenso,abiopsylaboratoryexaminationisoftenorderedtoremoveall
orpartofthemolesoastosupportthediagnosis.Indeed,askilledandtrainedpathologistmustbe
engagedtodiagnoseasample,differentiatingitbetweenSNv.amoreseveremelanoma.Consider
thesimilaritiesoftheselesionsandthedependencyontheskilllevelofthedermatologistand/or
pathologist toinformthediagnosticprocess,accuratediagnosisremainsaproblem.Datamining
(DM)techniqueshavebeensuccessfullyappliedtosituationswheresuchcomplexityexists,andthe
availabilityofadvancedartificialintelligence(AI)techniquesanddatapre-processingtechniquesto
buildcomputeraideddiagnostic(CAD)systemcancombinetoprovideeffectivesolutionsforthe
analysisofSpitzoidlesions.

Notably,themajorityoftheproposedmethodologiesintheCADliteraturefordifferentiating
amongskin lesionshasbeenbasedchieflyondermoscopicvision,andoften fails to take into
accounttheclinical,genetic,molecular,andimmunohistochemicalinformationinmakingaholistic
diagnosis.Theprimarygoalsandcontributionsforthisworkinclude:(a)anefforttospecifythe
exacttypeofaSpitzlesion,whichisextremelydifficultandchallenging,andtothebestofour
knowledge,noonehasusedAItoclassifythembefore;(b)anattempttoextendpastresearchresults
on thestepsneededfor thedevelopmentofanautomaticdiagnosticsystemforSpitzoid lesion
classification;and(c)amovetowardsintegratingclinical,histological,andimmunohistochemical

Figure 1. Example dermoscopic images of Spitz Nevus (1A), and Atypical Spitz Tumors (1B) (Source: Rubegni et al. (2016))
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features tomakeaccuratediagnosis indistinguishingbetweenSNv.AST,and findingout the
impactofthesefeaturesontheclassification.

Broadly, thisstudyevaluatesvariousAImethods toclassifySpitz lesions.Specificmethods
include Decision Tree (DT), Support Vector Machine (SVM), Random Forest (RF), k-Nearest
Neighbors(kNN),NaïveBayes(NB),LogisticRegression(LR),andMulti-LayerPerceptron(MLP),
allofwhichhavebeencommonlyusedinmedicalclassificationproblems.Additionally,advanced
pre-processingtechniquesandfeatureselectionmethodswillbeappliedtoimprovethedataquality
andsolvetheimbalanceddataproblem,whichwillnotonlyleadtoasizableimprovementofthe
predictiontimeandclassificationaccuracy,butwillalsocleverlyinformontheimpactofhistological
andimmunohistochemistryfeaturesontheclassification.

Therestofthispaperisorganizedasfollows.SectionIIhighlightsthestudybackground,offering
detaileddescriptionontheproposedmethodusedinthreephases:(a)thepreprocessingphase;(b)
thefeatureselectionphase;and(c)theclassificationphase.SectionIIIhighlightsthekeyindicators,
includingperformancemeasure(s),accuracy,sensitivity,specificity,G-mean,F-measure,ROCcurve,
andareaundertheROCcurve(AUC)aswellasoverviewstheexperimentalfindings.InSectionIV,

Table 1. Spitz nevus (SN) v. Atypical Spitz tumors (ASTs) v. Spitz melanoma (SM)

Spitz Nevus Atypical Spitz Tumor Malignant Spitz Tumor

Clinical features Meanandmedianage21years
(range2-69years)

Canoccuratanyage,
morecommonin
youngerpatients(<40
years)

Canoccuratanyage(often
>40years)

Mostcommonlyaffects
extremities

Occurinextremities,
trunk

Occurinextremities,trunk,
asymmetrical

Pinkorreddishplaque,papule,
ornodule

Plaqueornodule
Colorvariegation

EnlargedPlaqueornodule
Colorvariegation
Changinglesion

Histopathology <5to6mm Often>5to10mm >5mm,Often>10mm

Symmetrical Symmetricalor
Asymmetrical

OftenAsymmetrical

Wellcircumscribed Wellorpoorly
circumscribed

Oftenpoorlycircumscribed

Epidermalhyperplasia Ulcerationpossible Ulceration

Verticallyorientednestswith
clefting

Irregularnesting Irregularandconfluent
nesting

Centralfocalpagetoidspread Increasedcellularity pagetoidspreadmaybe
extensive

Oftenwedge-shaped Greaterpagetoidspread
thaninspitznevus

Ulceration

Maturationofdermalcomponent Deeperdermalthanin
spitznevus
Maturationmaybe
partialorabsent

Effacementofepidermis
Lackofmaturation

2-6dermalmitoses/
mm2

Deepmitoses
Possiblenecrosis

Often>6dermalmitoses/
mm2

Deep/marginaloratypical
mitoses
Necrosis

Source: Adapted from World Health Organization (2018)
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adiscussionofthecomparativeanalysisispresented.Finally,SectionVconcludesthestudywitha
brieflookatvariouslimitationsandpotentialfutureworks.

2. BACKGRoUnD

In recent years, computer scientists have diverted attention to skin lesion analysis. A great
majorityof theproposedmethodologies in theextant literatureaims todevelopaCADtoassist
dermatopathologiststomakeaccuratediagnosis,therebyachievingaproperdecision.Specifically,
Al-Masnietal.(2018)suggestasegmentationmethodondermoscopicimagesusingfullresolution
convolutionalnetworks(FrCN).Also, theyargue that theproposed technique isable togenerate
fullspatialresolutionfeaturesforeachpixeloftheinputdermoscopyimages.Incontrast,a3Dskin
lesionreconstructiontechniqueusingtheestimateddepthobtainedfromregulardermoscopicimages,
andtheadaptivesnaketechniqueinthesegmentationphasehavebeenproposedbySatheesha,etal.
(2017).Here,byfittingthedepthmapestimatedtotheunderlying2Dsurface,a3Dreconstructioncan
beachieved.Thisisthenfollowedbyafeatureextraction(Color,textureand2Dshape)andfeature
selectiontostudytheeffectsoffeaturesondecision-making.Finally,AdaBoostandSVMclassifiers
canbeappliedintheclassificationphase.

InJain,etal.(2015),aCADforthediagnosisofMelanomaSkinCancerondermoscopicImage
Processingispresented.InRoffman,etal.(2018),amulti-parameterizedartificialneuralnetwork
(ANN)usingavailablepersonalhealthdermoscopicimagesforearlydetectionofnon-melanoma
skincancerwithhighsensitivityandspecificityhasbeendeveloped.

Finally, inXie,etal. (2017),anovelmethodfor theclassificationofmelanocytic tumorsas
benignv.malignantusingdigitaldermoscopyimageshasbeenadvanced;specifically,inthefeature
extractionandreductionphase,thePrincipalComponentAnalysis(PCA)techniqueisusedwhereas
intheclassificationphase,aNNmeta-ensemblemodelisappliedbycombiningfuzzyNNswith
BackPropagationNNsandevaluatingtheperformanceoftheproposedmethodusingfuzzyNNs,
RFs,GentleAdaboost,k-NN,twoSVMmethods,andtwosystemsusingtheBag-of-Features(BoF)
classificationmodel.

Figure 2. General schema of our proposed process
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2.1 Proposed Method
Figure2showsthegeneralschematicdiagramoftheproposedstudytechnique.Thedetailsofeach
processingstagearenowdescribedinthesubsequentsections.

2.1.1 Data Description
Aretrospectivestudyof54Spitzlesionsdiagnosisfrom2000to2018hasbeenconductedinthe
pathologydepartmentofNordFrancheComtehospital(France).Thecohortcomprises47SNand
7ASTperformedbyfivepathologists.AsdescribedinTable2,thedatasetcontains29attributes.
Theseattributesarecomputedfromclinical,histologicalandimmunohistochemicaldata,detailsof
whichareshowninTable3.

2.2 The Pre-Processing Phase
Inordertoachievemoreaccurateresults,datapre-processingentailsacriticalstepintransforming
rawSNdataintoacleanandunderstandableformatforanalysis.Thefollowingsub-sectionsdiscuss
techniquesappliedtoimprovethequalityofourdataset.

2.2.1 Categorical Data
First,themajorityoffeaturesinourdatasetiscategorical(Table3).Asmachine-learningmodels
arebasedonmathematicalequations,wewouldonlyusenumbersintheequations,whichwillthen
beconvertedintonumericalvalues.

2.2.2 Missing Values
Inhealthanalytics,missingdatamaybeunavoidableduetoavarietyofreasons,forexample,faulty
equipment,and/orimpreciseorlostmeasurements;moreover,theerrorsofthecaregivers,forinstance,
physiciansornurseswhoforgetand/orimproperlyrecordtheinformationmayalsoleadtomissing
information.Yet,themostseriousproblemsofmissingvaluesaretheresultingconsequences,thereby
effectivelyslowingdowntheanalyticprocessingduetolowerefficiencies,and/orthepotentialto
compromisetheinformationextractedfromthedata,therebyleadingtofaultyconclusions.

Essentially,threestrategiesmaybeappliedtodealwithmissingdata.Thefirstismissingdata
ignoringtechniquesthatsimplydeletethecasesthatcomprisethemissingdata(Houari,etal.,2016).
Incaseswherethesizeofthedataissmall(aswiththecurrentstudy),deletinganyinformationisnot
ideal.Thesecondapproachwouldbetodeploymissingdatamodelingtechniques.Thestrategyhere
istodefineamodelfromtheexistingdataandthengenerateinferencesbasedonthedistributionof
thedata(Houari,etal.,2016).Thethirdstrategyistoemploythemissingdataimputationtechniques.
Thesetechniquescompletethemissingdatainthedatasetwithapotentialvalue(Cleophas,etal.,
2016).Examplesofsuchtechniquesinclude:Meanregression,K-NNs,andmultipleimputations.
Inthecurrentwork,weapplytheMeanimputation,oneofthemostcommonlyusedmethods,by
replacingthemissingvaluewith the totalsamplemean.Accordingly, thisstrategyissimpleand
easytoimplement.

2.2.3 Imbalance Data
Theimbalanceofmedicaldata,ascharacterizedbythenon-uniformityoftheclassdistributionamong
theclasses,seriouslyaffectstheaccuracyofmedicaldiagnosisclassification.Dataimbalanceexists

Table 2. Description of Spitz nevus dataset

Dataset No. of Attributes No. of Instances No. of Classes

Spitzdatabase 29 54 2(47SN&7AST)
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Table 3. Spitz nevus dataset details

Feature Input Type Input Range Details

Clinical data 1 Gender Binary 0or1 Man:0
Women:1

2 Localization quinary 1or2or3or
4or5

1:Trunk,2:Lowerextremity,
3:Upperextremities,4:abdo
5:Faceandneck

3 Age Continuous From2to54 Majorityofthemareunder
20yearsold

Histology data 4 Format Ternary 1or2or3 1:junctional,2:wholly
dermal.
3:compound

5 Sizeofspitz Continuous From0.3to1.4 only5patientsmorethan1
cm,therestunder1cm

6 Thickness Continuous From0.1to6 Majority<2,5mm

7 Mitoticindex From0to2.2 Majority<0,5permm
square

8 CytonuclearAtypia Binary 0or1 0:no
1:yes

9 deepmitosis

10 AtypicalMitosis

11 Infiltrationofthe
hypodermis

12 Asymmetry

13 Blurredboundaries

14 Pagetoidspread

15 Densityof
lymphocytic
infiltrate

16 Hypercellularity

17 Ulceration

18 Kamino’sbody

19 desmoplasticcells

20 epidermalalteration

21 grenzzone
infiltration

22 irregularnests

23 lackofmaturation

Immunohistochemistry 24 P16 100%noloss

25 KI67 Continuous From0to18 mostofthem<5

26 BRAF Binary 0or1 0:mute,1:notmute

27 ALKIH Binary 0or1 0:negatif,1:positif

28 ALKFish Nul Nul Nul

29 Melanin
pigmentation

quaternary 0or1or2or3



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

22

widelyinrealworlddatasets,especiallythoseinthemedicalfield.Thestudydatasetisfoundtobe
highlyunbalanced,comprising47casesofclassicalSNv.only7casesofASTs.

Toresolvethischallenge,awidelyimplementedtechniquefordealingwithhighlyunbalanced
datasetsisresampling.Resamplingconsistsofeliminatingsamplesfromthemajorityclass(under-
sampling) and/or adding more examples from the minority class (over-sampling). The simplest
implementationofover-sampling is toduplicaterandomsamplesfromtheminorityclass,which
canaffectover-fitting.Inunder-sampling(Bach,etal.,2017),thesimplesttechniqueistorandomly
removesamplesfromthemajorityclass,whichcancausewastageofinformation.SMOTE(Synthetic
MinorityOversamplingTEchnique)consistsofsynthesizingelementsfortheminorityclass,based
onthosethathavealreadyexisted(Chawla,etal.,2002).Itworksbyrandomlypicking“k,”apoint
fromtheminorityclass,andcomputingthek-NNsforthispoint.Syntheticpointsarethenadded
betweenthechosenpointanditsneighbors.

OthertechniquesdiscussedintheextantliteratureincludeSVMSMOTE(Nguyen,etal.,2009),
orborderline-SMOTE(Han,etal.,2005),whereonlytheminorityexamplesneartheborderlineare
over-sampled.Adaptivesyntheticsampling(AdaSyn),aspresentedinHan,etal.(2008),includes
bothminorityandmajorityclassesinprocessingandaddsextrasyntheticsamplestotheminority
class.AcomparativestudybetweentheseresamplingtechniquesisprovidedinTable4.

Table 4. Experimental performance on our dataset without /with existing over-sampling methods

Accuracy Sensitivity Specificity F1-Measure G-mean

AST SN AST SN AST SN

Without
Over-sampling 
methods

DT
RF
SVM
NB
LR
KNN
MLP

0.83
0.85
0.87
0.72
0.87
0.87
0.85

0.43
0.14
0.00
0.43
0.00
0.00
0.00

0.87
0.96
1.00
0.77
1.00
1.00
0.98

0.33
0.33
0.00
0.21
0.00
0.00
0.00

0.91
0.88
0.87
0.90
0.87
0.87
0.87

0.38
0.20
0.00
0.29
0.00
0.00
0.00

0.89
0.92
0.93
0.83
0.93
0.87
0.92

0.65
0.85
0.50
0.59
0.50
0.50
0.48

SMOTE k=6 DT
RF
SVM
NB
LR
KNN
MLP

0.94
0.95
0.87
0.88
0.94
0.70
0.93

0.94
0.94
0.85
1.00
1.00
0.87
1.00

0.85
0.94
0.89
0.77
0.89
0.81
0.87

0.82
0.98
0.89
0.81
0.90
0.65
0.89

0.95
0.98
0.86
1.00
1.00
0.53
1.00

0.88
0.96
0.87
0.90
0.95
0.75
0.94

0.90
0.96
0.88
0.87
0.94
0.64
0.93

0.89
0.95
0.87
0.88
0.94
0.70
0.93

Borderline
SMOTE

DT
RF
SVM
NB
LR
KNN
MLP

0.91
0.94
0.86
0.88
0.93
0.73
0.88

0.91
0.91
0.85
1.00
0.94
0.77
0.98

0.94
0.98
0.85
0.77
0.94
0.70
0.79

0.93
0.98
0.87
0.81
0.94
0.72
0.82

0.92
0.92
0.87
1.00
0.94
0.75
0.97

0.92
0.95
0.86
0.90
0.94
0.74
0.89

0.93
0.95
0.86
0.87
0.94
0.73
0.87

0.92
0.94
0.86
0.88
0.93
0.73
0.88

ADASYN DT
RF
SVM
NB
LR
KNN
MLP

0.94
0.94
0.81
0.88
0.94
0.81
0.93

0.94
0.94
0.89
1.00
1.00
0.61
1.00

0.96
0.96
0.74
0.77
0.89
0.49
0.87

0.96
0.94
0.78
0.81
0.90
0.61
0.89

0.94
0.94
0.88
1.00
1.00
0.72
1.00

0.95
0.95
0.83
0.90
0.95
0.70
0.94

0.95
0.95
0.80
0.87
0.94
0.58
0.93

0.94
0.94
0.81
0.88
0.94
0.64
0.93

SVMSMOTE DT
RF
SVM
NB
LR
KNN
MLP

0.94
0.92
0.76
0.82
0.92
0.75
0.91

0.93
0.87
0.59
1.00
0.86
0.62
0.97

0.96
0.96
0.89
0.74
0.96
0.83
0.87

0.93
0.93
0.80
0.64
0.90
0.67
0.84

0.96
0.92
0.75
1.00
0.94
0.80
0.98

0.93
0.90
0.68
0.78
0.95
0.64
0.90

0.96
0.94
0.82
0.85
0.88
0.81
0.92

0.94
0.92
0.74
0.87
0.91
0.72
0.92



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

23

2.2.4 Scaling Data
Inthiswork,thedatacolumnsarerescaledtoarangeof[0-1]fortworeasons:

1. Tosimplifythenumericalcomputationalcomplexities;and
2. Togetridofattributes in thebiggernumericrangewhilecontrollingattributes in the lesser

numericrange(Aličković,etal.,2017).

2.3 The Feature Selection Phase
FeatureselectionisakeystepintheSNdiagnosisprocess.Asthestudydatasettypicallyconsistsof
severalfeatures,acriticalgoalistoidentifythemostrelevantfeaturestotheproblemathand.Other
advantagesoffeatureselectionincludecostreduction,increasingclassificationaccuracy,decreasing
thecomplexityofthemodel,andreducingthelearningtime(Turgut,etal.,2018).

Withfartoomanyattributesspecifictothecurrentstudydataset,thisfeatureselectionprocessis
clearlynon-trivial.Indeed,identifyingthoseattributesthatarethemostrelevanttotheclassification
iscomplicated.Tothisend,ourstrategyistoapplyamixofthreefeatureselectionmethods:filter,
wrapperandembeddedmethods.Thefiltermethodsmeasurethesignificanceofidentifiablefeatures
bytheirassociationwiththedependentvariablewhereastheembeddedmethodscombinethequalities
offilterandwrappermethodsas implementedbyalgorithmsthathavetheirownbuilt-infeature
selectionmethods.Finally,thewrappermethodsmeasuretheeffectivenessofasubsetoffeaturesby
actuallytrainingamodelonthetwodifferingwrappertypes:deterministicv.randomize.Herein,we
applytherandomizewrappermethodviageneticalgorithm,whichisdiscussednext.

2.3.1 Genetic Algorithm (GA)
Todate,GAshavegainedincreasingpopularity.Characterizedbyaheuristicandgeneraladaptive
optimizationsearchmethodology,thesealgorithmsareinspiredbytheDarwin’stheoryofevolution.
InitiallypresentedbyBledsoe(Bledsoe,etal.,1961),andmathematicallyformalizedbyHolland
(Holland, et al., 1992), theseGAsoperatewithdiverse populations,with thedominant solution
frequentlyachievedonlyafterasequenceofiterativesteps.

TheseGAsalsodevelopsequentialpopulationsofperiodicsolutionsthatarepresentedbya
chromosomeuntiladequateresultshavebeenreached(Aličković,etal.,2017).Thesechromosomes
areevaluatedbyapredefinedfitnessfunction.Twomajoroperators,whichimpactonthefitness
value,arethecrossoverandmutationfunctions.Forthenextgeneration,chromosomesthatobtained
thehigherfitnessvaluewillhavethecorrespondinghigherprobabilitytobeselected,usingeitherthe
roulettewheelorthetournamentstrategy(Puyalnithietal.,2018).Genesmaybechangedrandomly
inmutation.

TheparametersettingsfortheGAappliedhereinasfeatureselectionarepresentedinTable5.
Intheinitialpopulationstage,differentindividualentitiesareassignedrandomly,withbinary

codingwhere1presenttheselectedfeatureand0notselected.Allindividualentitieshaveaunique
size (27 genes in each chromosome). The chromosomes characterizing the population represent
asetofprobableoptimalfeatures.Ateachgeneration,thefitnessvalueofeachpotentialsolution
isderivedfromusingatenfoldcross-validationmethodtocalculatetheaccuracyofclassifierand
thenintelligentlyappliedtoselectthepopulationforthenextgenerationbyroulettewheelselection
method.Inordertostopthesolutionsetfallingintoalocaloptimal,crossoverandmutationareused
togeneratepopulationsthatrepresentednewsetsofsolutions.

ThebasicprocessoftheappliedGAmaybesummarizedasfollows:

1. Initial population:Theinitialpopulationsizeis100-severaldifferentnumbersofgenerations
intheexperimentaretriedandtested,beforedecidingtouse50generations,whichyieldsthe
highestaccuracyasdepictedinFigure3;
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2. Evaluation:Thefitnessvalueofeachpopulationdeterminesifthepopulationwillsurvivein
futuregenerations.Herein,theaccuracyoftheclassifierservesasthefitnessfunction;

3. Selection:Thepopulationwiththebetterfitnessvaluehasagreaterprobabilitytobeselected
tothenextgeneration;herein,aroulettewheelmechanismisdeployedtochoosethepopulation
setsforthenextgeneration;

4. Crossover:Crossoveristheprocessofgeneratinganewindividualentityfromtwoparentsby
exchangingandreorderingtheirparts.Bycrossing,thesearchpoweroftheGAisdramatically
increased.ToimplementthecrossoverinthestudyGA-basedfeatureselection,asingle-point
crossoveroperatorischosenwitharateof0.8;

5. Mutation:Mutationistheprocessofchangingsomegenevaluesofindividualsequencesto
increasethepopulationvariety;herein,themutationwitharateof0.1isapplied.

2.4 The Classification Phase
Thevariousmethodsappliedforevaluationinthestudyclassificationphasearebrieflyhighlighted
atthispoint.Theseincludethefollowing.

2.4.1 Support Vector Machine (SVM)
SVM,whichisbasedonstatisticallearningtheoryandthestructuralriskminimizationprinciple,
hasbeenusedforclassificationandregression(Vapniketal.,1998).ThemainSVMconceptthatis
appliedhereistomaptheinputdatafromtheN-dimensionalinputspace,throughsomenon-linear
mapping.Then,toclassifyourdataweshoulddeterminetheoptimalhyperplanethatmaximizesthe
marginsofclassboundaries.

2.4.2 Decision Tree (DT)
DT,apopularand themostpowerful supervised learningmethods forclassificationwhereeach
internalnodesignifiesacheckonanattribute,isappliedherein.EachbranchoftheDTrepresents
aresultofthecheck,andeachleafnodecontainsaclasslabel.ADTalgorithmisimplementedby
generatingaDTwithterminalnodesastheclasslabel(ClassicalSpitzNevus,AtypicalSpitzTumors).
Additionally,setsofif–thenconditionsareemployedtoclassifynovelsamples.

2.4.3 Logistic Regression (LR)
TheLRmodeloriginatesasaresultofmodelingtheposteriorprobabilityofKclassesvialinear
functionsinx,whileensuringthattheprobabilitiessumtooneandremainintherange[0,1].The
selectionofdenominatorisrandominthattheestimatesareequallydistributedunderthischoice

Table 5. Parameter settings of our genetic algorithm-based feature selection

Parameter Value

Populationsize 100

Numberofgeneration 50

Rateofcrossover 0.8

Rateofmutation 0.1

Fitnessevaluation Accuracyofclassifier

Sizeofchromosome 27

Coding
Binary
0:notselected
1:selected



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

25

(Aličkovićetal.,2017).WhenK=2,aswouldbeinourcase(SN,AST),themodelisstraightforward
asthereisjustasinglelinearfunction.

2.4.4 Naïve Bayes (NB)
BayesianNetworkdescribingsetsoflocalconditionalprobabilitiestogetherwithasetofconditional
independentassumptionsisappliedhereintoclarifythejointprobabilitydistributionforasetof
variables.IntheNBnetwork,eachnodeshowsvariableinthejointspace;forallvariables,twotypes
ofinformationaredetailed.First,thevariableisdefinitelyindependentofitsnon-descendantsin
thenetworkgivenitsinstantpredecessorsinthenetwork.Second,aconditionalprobabilitytableis
givenforeachvariable,indicatingtheprobabilitydistributionofthisvariableassumingthevalues
ofitsinstantaneousantecedents(Gambhiretal.,2018).

2.4.5 K-Nearest Neighbor (kNN)
ThebasicconceptofkNNistocomputetheminimumdistancebetweenthestoredfeaturevectors
andthenewfeaturevectors.Firstly,wecomputethedistancesbetweenallsamplesthathavealready
beenclassifiedintoclusters;then,wefindtheksampleswiththesmallestdistancevalues;andfinally,
weapprovethenewdata.Notethatanewsamplewillbeclassifiedtothelargestclusteramongthe
selectedksamples(Ebrahimzadehetal.,2019).Wetriedthevaluesofkfrom1to10andfoundthat
k=3offersthebestresultswiththisclassifierashighlightedinFigure4.

2.4.6 Multilayer Perceptron (MLP)
TheMLPclassifierappliedhereinhasathree-layerstructureasshowninFigure5.Thesizeofthe
inputlayerisequaltothenumberoftheselectedfeatures(1<N<27).Incontrast,theoutputlayer
containsonenodeforapossibilityofonly2classestobeclassified(SNv.AST).Additionally,having
selected and trained all potential combinationsof the selectednumberof neurons in thehidden
layer,wefoundtheoptimizednumbertobe50.Wealsoaddedanactivationfunctiontomakeour
MLPflexiblevis-à-visthelearningofthenon-lineardecisionboundaries.Thereareseveralkinds

Figure 3. Impact of number of generations on accuracy of classifier
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ofactivationfunctiondiscussedintheextantliterature;herein,weusedtheRectifiedLinearUnits
(ReLu),whichisoneofthepopularactivationfunctions.

2.4.7 Random Forest (RF)
RFhasbeendefinedby(2001,Breiman,etal)asthe“combinationoftreepredictorssuchthateach
treedependsonthevaluesofarandomvectorsampledindependentlyandwiththesamedistribution
foralltreesintheforest.”Herein,whenRFisusedtoperformtheclassificationtask,aclassvote
fromeachtreeisgeneratedandthemajorityvoteisthenusedtoperformtheclassificationtask.

3. PeRFoRMAnCe MeTRICS AnD eXPeRIMenTATIon

Inthissection,thevariousperformancemetricsapplicableforevaluatingandinterpretingmultiple
experimentalresultsarefirsthighlightedpriortodiscussingthestudyfindingsandtheirinterpretations.
Notably,weconducttheexperimentsinthepythonlanguageenvironment,andwhennoparameter
valuesaregiven,thedefaultvaluesofthesefunctionswillapply.

3.1 Performance Metrics
Atenfoldcross-validationschemeisperformedtoevaluateandcomparetheperformanceofallof
theaforementionedclassificationmethodsbeingapplied.Oneofthemajorissueswhendealingwith
unbalanceddatasetsrelatestothemetricsusedtoevaluatethemodel’sperformance,forexample,
usingsimplermetricslikeaccuracyscorealonecanberelativelymisleading.

Accordingly,arangeofdifferentperformancemetricsisadoptedforstudyingandcomparing
thevariousclassificationmodelsdifferentiatingSNv.ASTsamples.Thesemetricsentailaccuracy,
sensitivity,specificity,precision,F-measure,G-mean,ROCandAUCwithmeasuresbasedonthe
correctandwrongpredictionoftheclassifier.

Fortherespectivemetrics,thebelowformulaearecomputedwith:

Figure 4. The change of accuracy in terms of nearest neighbor’s k value
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TP=TruepositivemeansnumberofSNwhicharepredictedasSN
TN=TruenegativemeansnumberofASTwhicharepredictedasAST
FP=FalsepositivemeansnumberofSNwhicharepredictedasAST
FN=FalseNegativemeansnumberofASTwhicharepredictedasSN

3.1.1 Accuracy
Accuracyreferstothewholenumberofinstancesthatmaybeclassifiedcorrectly(Yuetal.,2015):

Accuracy =   
       

TP TN

TNTP TN FP FN

+
+ + +



3.1.2 Sensitivity
SensitivitymeasuresthequantityofSNinstances,whicharecorrectlyidentifiedbytheclassifier:

Sensitivity = TP

TP FN+


3.1.3 Specificity
SpecificitymeasuresthequantityofASTinstances,whicharecorrectlyidentifiedbytheclassifier:

Figure 5. Our multi-layer perceptron (MLP) architecture
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Specificity = TN

TN FP  +


3.1.4 Precision
PrecisionmeasurestheamountofpredictedSNthatistrulyrelatedtotheSNclass:

Precision = TP

TP FP+


3.1.5 F-Measure
F-measureisacombinationofprecisionandsensitivity.Therefore,ahighvalueofF-measureshows
ahighvalueofbothprecisionandsensitivity(Majidetal.,2014):

F1-measure = 2 * Precision Sensitivity

Precision Sensitivity

�*�

� �+


3.1.6 G-Mean
G-meanisawidelyusedmeasureforevaluatingtheperformanceofmodelsbasedonunbalanced
data.Theevaluationmadebythegeometricmeanofallclassrecallrates.

G-mean = Specificity Sensitivity�*( ) 

3.1.7 Receiver Operating Characteristics (ROC)
TheROCcurveisagraphicalplotusedtocomparetheperformanceofabinaryclassifier,whichin
ourcasewouldbeSNv.AST.

3.1.8 Area Under Curve (AUC)
AUCiscalculatedforassessingperformanceoftheclassifierandprovidesanexaminationofthe
classifierstabilityandconsistency.

3.2 Data Sampling Results
Asnoted,fourdifferentover-samplingmethodshavebeenappliedwiththeunbalanceddatasetso
thattheirperformancemaybeappropriatelycompared.

Table5 (previously shown)details theperformanceof thedifferentmachine learning (ML)
classifiersonourdatasetwithandwithoutoversamplingmethods.

Allclassifier’saccuracyishighinthecaseofclassifierswithoutoversamplingmethods,that
is,between0.72-0.87.Thus,eachclassifier’sperformanceonotherperformancemeasureshasto
be investigatedbeyond justaccuracy.Among theothermeasures, thesensitivity,specificity,and
F-measureshowasignificantdifferencebetweenSN(majority-veryhigh)v.AST(minority-very
low)classes.EspeciallywithLR,KNN,MLP,andSVMthesensitivityandspecificityofASTclass
is0.00,whichmeanstheseclassifiersover-fitsandthemodelpredictsallcasesasSN.

Figure6showsROCcurveandAUCofclassifierswithourimbalancedata.AsshowninFigure
6,DTandRFgetshigherAUCscoresthantheotherclassifiers.Inordertoverifytheefficiencyofthe
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SMOTEmethodinhandlingtheproblemofunbalanceddatasetinthestudy,wehaveappliedother
existingmethodsassummarizedinTable5tocomparetheirperformance.Theinputthatneededto
bedeterminedinSMOTEmethodisthenumberofnearestneighbors“k”.Wetriedseveraldifferentk
valuesintheexperiment,finallydecidingonusingk=6,whichyieldsthebestaccuracy(seeFigure7).

Wenowsummarizeperformanceofthefouroversamplingmethods:SMOTE,BorderlineSMOTE,
ADASYN,SVMSMOTE.Theresultsarerelativelysimilar,whereweseeabalanceinsensitivity,
specificity,andF-measureofbothSNandASNclass.Evenso,SMOTEgivesthehighestaccuracy

Figure 6. ROC curve of classifiers

Figure 7. Impact of several different SMOTE’s k values on the accuracy
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0.95andG-mean0.95amongalloversamplingmethodswithrandomforestclassifier.Figure8depicts
thedistributionofourdataafterapplyingSMOTE.

TheresultssuggestthattheSMOTEmethodisthebesttechniquetobalanceourSpitznevus
dataset.Figure9showstheROCcurveofclassifierswiththeSMOTEtechnique.Here,wenotice
agreatimprovementisachievedwithallclassifiers.Finally,FRandDTperformbetterthanother
classifierswithAUC=96.

3.3 Feature Selection Results
Inthesecondtest,wefirstusedGA-basedfeatureselectiontoselectthebestattributes;then,weused
thesameMLclassifiersasintheprevioussection.

Table6showstheperformanceofthedifferentMLclassifiersonourdatasetwithandwithout
GA-basedfeatureselection.Experimentalresultsshowthatthehighestclassificationperformances
areachievedwhenGAisusedasfeatureselectionwithallclassifiers.Notwithstanding,theMPL
classifierdoesagoodjobinpredictingtheASTinstancescorrectly.

Figure 8. Distribution of our data with/ without SMOTE technique

Figure 9. ROC curve of classifiers with SMOTE technique
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AsshowninTable7,highestaccuracyof0.98,F-measureof0.99,andG-meanof0.98with
14selectedfeaturesareattainedwiththeMPL.Here,AUC=98asshowninFigure10.NextisRF
methodwith16selectedfeatures,anaccuracyof0.97,F-measureof0.98,AUCof0.98,andG-mean
of0.97.Then,DTcomeswithaccuracyof0.95,F-measureof0.94,AUC=0.95,andG-meanof
0.95.Lastly,LRandNBprovidethelowestaccuracyof0.93and0.90,respectively.

InFigure11,thebarcharthighlightsthemostselectedfeatureswithexistingclassifierscombined
withGAasafeatureselectionmethod.Overall,forclinicalfeatures(coloredinred),itisnotedthat
localizationisthemostimportantasevidencedbyitsselectionviafiveclassifiers.Gendercomes
next,whereasonlytwoclassifiershaveselected“age.”Forhistologyfeatures(coloredinblue),itis
clearthatCytonuclearAtypiaisamostsignificantfeatureasselectedbyallclassifiers.Finally,among
immunohistochemistryfeatures(coloredingreen),ki67markeristhemostsignificant.

Figure12showstheperformanceofthedifferentMLclassifiersonourdatasetwiththenumber
ofselectedfeaturesbyGA.ExperimentalresultsshowthatwhenweusedNaïveBayes(NB)asthe
classifierwithGA,itgaveusthehighestnumberofselectedfeature(17),andlowestaccuracy(0.90),
whichmeansNBistheworstclassifierapplied.Incontrast,DToffersthelowestnumberofselected
features (8) with higher accuracy (0.95). Notwithstanding, MLP provides the best classification
accuracy(0.98)with14features;forthisreason,wehavechosenMLPasafitnessevaluationand
theclassifierofchoiceinourmodel.

4. DISCUSSIon AnD ConCLUSIon

Themotivation for this research is toexploreways to improve theclassificationperformanceof
differentMLalgorithmssoastoaccuratelyidentifySpitznevuslesions.Theresearchpresentedhere
goabouttheexplorationbyfirstremovingclass-imbalanceinareal-worlddatasetandrefittingthen
foranalysisviathevariousmethodsofbestfeaturesselection.

Differentclass-imbalance techniquesconsistingofSMOTE,BorderlineSMOTE,ADASYN,
andSVMSMOTEwereapplied.Allfourclass-imbalancetechniqueshavebeenfoundtoimprovethe
classificationresults.Thisisconsistentwithpreviousresearchfindingsasprovidedinthecumulated
literature (Firozeetal.,2015;Hanetal.,2019;Mathewetal.,2018).However, inourcase, the
SMOTEmethodoutperformedtheothertechniques.Itusesk-nearestneighborsandgeneratesvery
goodpredictionresults.Furthermore,thefeatures,whicharemostappropriateforSpitzoidlesions
classification,mustbeutilizedastheinputsofthemodel.Forthisreason,itisfoundthatGAisan
appropriatemeansforclassifyingtheSpitzoidlesionsdatatoachieveaccuratediagnosis.

Table 6. Experimental performance on our data without / with genetic algorithm based feature selection

Accuracy Sensitivity Specificity F1-Measure G-Mean

AST SN AST SN AST SN

Smote 
Without 
GA

DT
RF
SVM
NB
LR
KNN
MLP

0.94
0.95
0.87
0.88
0.94
0.70
0.93

0.94
0.94
0.85
1.00
1.00
0.87
1.00

0.85
0.94
0.89
0.77
0.89
0.81
0.87

0.82
0.98
0.89
0.81
0.90
0.65
0.89

0.95
0.98
0.86
1.00
1.00
0.53
1.00

0.88
0.96
0.87
0.90
0.95
0.75
0.94

0.90
0.96
0.88
0.87
0.94
0.64
0.93

0.89
0.95
0.87
0.88
0.94
0.70
0.93

Smote 
with GA

DT
RF
SVM
NB
LR
KNN
MLP

0.95
0.97
0.94
0.90
0.93
0.94
0.98

0.98
1.00
0.98
1.00
1.00
1.00
1.00

0.94
0.96
0.91
0.81
0.87
0.89
0.98

0.94
0.96
0.92
0.84
0.89
0.90
0.98

0.98
1.00
0.98
1.00
1.00
1.00
1.00

0.96
0.98
0.95
0.91
0.94
0.95
0.99

0.96
0.98
0.95
0.89
0.93
0.94
0.99

0.95
0.97
0.94
0.90
0.93
0.94
0.98
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4.1 Contributions of the Research
ThisstudyattemptstoanalyzeSpitzoidlesionsrelatedtoclinical,histological,andimmunohistochemical
featuresusingAItechniques.Seven(7)typesofclassifiers:K-NN,LR,DT,MLP,NB,RF,andSVM
havebeenappliedfortheanalyticprocedures.ThehybridtechniqueofSMOTE-GA-MLPyieldsthe
highestperformanceoverall.

Keycontributionsofthisresearchintheareaofskinlesionclassificationarenowsummarized.
First,itspecifiestheexacttypeofaSpitzlesion,whichisextremelydifficultandchallenginginreal
life.Second,itcombinestheresultsofpreviousworksonthestepsneededforthedevelopmentof

Table 7. Feature selection results obtained by different classifiers as fitness evaluation

GA-DT GA-SVM GA-LR GA-NB GA-KNN GA-MLP GA-RF

Gender no yes yes yes no no yes

Localization yes yes no yes no yes yes

Age no no no yes no no yes

Format no yes yes yes no no no

Diameter yes no yes yes no no yes

diameter >1 no no yes yes no no no

Thickness no yes no no yes no no

Mitotic index no no no yes no no yes

Cytonuclear 
Atypia yes yes yes yes yes yes yes

mitoses profaned no yes yes yes yes yes no

Infiltration of the 
hypodermis no yes no no yes yes yes

Asymmetry no yes yes no yes yes yes

Blurred 
boundaries yes no yes no yes no no

Pagetoide 
migration no no yes no no yes yes

hyperCELL yes no yes yes no no yes

Kamino’s body no yes yes yes no no no

Desmo no no yes no no yes no

Modif epid no yes yes yes no yes yes

Grenz no no no yes yes yes no

Th irreg no no yes yes no yes no

No grad no yes no no yes yes yes

KI 67 yes no no yes no no yes

Ki67>1% yes yes yes yes no yes yes

BRAF no yes yes no no yes no

ALK IH no yes yes no no no yes

Ly yes no no yes no yes no

Pig mél no yes no no no no yes
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anautomaticCADsystemforSpitzoidlesionclassification,inordertoassistdermatopathologists
duringthediagnosisprocess.Third,ourworkmakesaclassificationbasedonvarioustestesandtypes
ofdatasuchas:clinical,histological,andimmunohistochemicaldata.Contrarytopreviousworkin
literaturethatonlyconcentrateonmicroscopicvisionwhichcannotgiveusanaccurateclassification.
Finally,theanalysisfordifferentiatingmajorclassesoftheselesions,namelySN(Spitznevus)v.
AST, isbasedonseveral features, including the immunohistochemicalmarkers.Specifically, the
findingsindicatethatlocalizationoflesions,cytonuclearatypia,andKi67proliferativeindexarethe
mostweightedfeaturestodifferentiateASTfromSN.

4.2 Implications of the Findings
Asnoted,weevaluatedthescaledhospitaldatasetwithseven(7)typesofclassifiers:K-NN,LR,
DT,MLP,NB,RFandSVM.WhereGAwasapplied,MLPachievesthehighestaccuracyat0.98.

Figure 10. ROC curve of classifiers with GA based feature selection

Figure 11. Most selected features with existing classifiers as fitness evaluation
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Threekeyobservationsandimplicationsmaybedrawnfromtheresults:(1)GAcancorrectly
ranksignificantattributessinceselectedGAperformswellintermsofclassificationperformance;
(2)SMOTEover-samplingmethodcanperfectlysolvetheproblemofourimbalanceddataand
overcomeourmodel tobiasestowardsmajorityclasses;and(3)MLPoutperformedallother
linearandnonlinearclassificationmethodswith respect toaccuracyperformance indicators.
Therefore,themodelproposedforsimilartypeSNv.ASTanalysiswillbeamodelwhereSMOTE
isusedforsolvingclassimbalanceproblem,GAisusedforfeatureselectionphaseandMLPto
beappliedfortheclassificationphase.TheproposedSMOTE-GA-MLPstructurehaspreviously
beenprovidedinFigure2.

In summary, the suggested system accomplished higher classification accuracy rate, by
improvingthedataquality,solvingclass-imbalanceproblem,decreasingthenumberofattributes
andobtaininghigherperformancerate,whileidentifyingthemostcriticalfeaturesthatcaninfluence
theclassification.ResultsobtainedinthisstudyprovethattheSMOTE-GA-MLPCADsystemis
valuableinaidingthedermatologiststoidentifyASTs,andtomakethecorrectdiagnosis.Accordingly,
extendingbeyondthisworkmaydemonstrateahugecapacityintheareaofmedicaldecisionsmaking
inskinlesionanalysis.

4.3 Study Limitations and Future works
Thisstudyhasseverallimitations,mostrelatedtothedata.First,therarityofthisdiseaseandthelack
ofdatainthehospitalsaboutthistypeoflesionsespeciallyfortheASNcasewereanobstaclefor
ustocollectenoughdata.Wecoulduseautomaticdatagenerationmethodsbutwepreferredtouse
onlytherealdatatogetrealisticresults.Inourfutureworkweaimtocollectmorerealdataandapply
datagenerationmethodstocreatenewdatafromourrealsampleddata,andthenwewillcompare
results.Second,thenatureofreal-worldskinlesionhospitaldatasetsisnotonlyimbalanced,butalso
heterogeneousandcontainsalotofmissingvaluesanderrorswhichcanaffecttheanalysisresults.
Inourfutureworkwewillconcentrateonimprovingthedataqualitybyapplyingvariousexisting
techniquesinliteraturefordatapreprocessingandfindouttheonemoresuitabletoourdata.Alsowe

Figure 12. Number of selected features by GA and accuracy of classifiers
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aimtoaddthethirdclassofSpitzoidlesionswhichis:Spitzmelanomas.Itisamalignantmelanoma
thatishistologicallysimilartoabenignskinlesionwhichmakestheclassificationmorechallenging.

Concerningtheanalyticalside,ourfutureworkwillinvolvecomparingandintegratingthevery
promisingapproachesforclassification,suchastheensembletechniques,byintegratingmultiple
simpleclassifiersbasedonbagging,boosting,andstackingmethodstoimprovetheclassification
accuracyofSpitzoidlesions.
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