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ABSTRACT

Withthecontinuousimprovementofdigitalimagingtechnologyandrapidincreaseintheuseofdigital
medicalrecordsinlastdecade,artificialintelligencehasprovidedvarioustechniquestoanalyzethese
data.Machinelearning,asubsetofartificialintelligencetechniques,providestheabilitytolearnfrom
pastandpresentandtopredictthefutureonthebasisofdata.VariousAI-enabledsupportsystemsare
designedbyusingmachinelearningalgorithmsinordertooptimizeandcomputerizetheprocessof
clinicaldecisionmakingandtobringaboutamassivearchetypechangeinthehealthcaresectorsuch
astimelyidentification,revealingandtreatmentofdisease,aswellasoutcomeprediction.Machine
learningalgorithmsare implemented in thehealthcare sector andhelped indiagnosisof critical
illnesssuchascancer,neurology,cardiac,andkidneydiseaseaswellaswitheasinginanticipation
ofdiseaseprogression.Byapplyingandexecutingmachinelearningalgorithmsoverhealthcaredata,
onecanevaluate,analyze,andgeneratetheresultsthatcanbeusednotonlytoadvancetheprior
healthstudiesbutalsotoaidinforecastingapatient’schancesofdevelopingofvariousdiseases.The
aiminthisarticleistopresentanoverviewofmachinelearningandtocovervariousalgorithmsof
machinelearningandtheirpresentimplementationinthehealthcaresector.
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1. INTRoDUCTIoN

Machine learning, a subfield of Artificial Intelligence, provides algorithms to learn from past
experimentswhileperformingaparticulartaskandmeasuringperformance.Byworkingcontinuously
onatask,theperformanceofthetaskgetsimprovedandtheuserexperienceaswell.AMachine
learningsystemhasatrainingdatasetworkingasknowledgebaseandrulesfordecisionmaking
(Blum2007).Machinelearningisthebuildingandexploringofmethodsinacomputerprogramming
language and making them “learn”. The program developed using machine learning algorithms
accessesthedata,trainsthemachineandtestsitagainforperformanceevaluation.Themostimportant
characteristicofmachinelearningisitsabilitytoforecast.Inmachinelearning,amodelforprediction
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isbuildbyexistinginformationanditisfurtherusedforpredictingthedata.Themajoraspectof
learningisthefeaturesselectionfromthedatasetasallthefeaturescannotbeusedinlearning.The
datasetmayhavemultiplefieldsandperspectives.Theselectionoffeaturesisdoneaccordingtotheir
relevance,implicationandscenario(Du&Swamy2013).Theprimarygoalofmachinelearningisto
produceandenhancethelearningalgorithmsandmodelsinordertofacilitatetheireasyapplication
invariousdisciplinessuchasagriculture(Patrício&Rieder2018),banking(Erdogan2013),cyber
security (Buczak & Guven 2016), economics (Einav & Levin 2014), finance (Lin et al., 2012),
insurance(Gan2013),naturallanguageprocessing(Collobert&Weston2008),online&traditional
marketing(Tripathyetal.,2006),healthcare(Crown2015),network&telecommunication(Richter
&Khoshgoftaar2018)andothersaswell.

2. MACHINE LEARNING PARADIGMS 

Machinelearningalgorithmsarecategorizedaccordingtotheirdesign,requiredinput,producedoutput
andapplications.Themajorlyofmachinelearningalgorithmsarecategorizedassupervisedlearning,
unsupervisedlearning,semi-supervisedlearning,reinforcementlearning,evolutionarylearningand
deeplearningasshowninFigure1(Fatima&Pasha2017).SupervisedLearningalgorithmsconstruct
amodelthatusesasetoflabeleddataanddesiredoutput.Themachinehasbeentrainedwiththe
sampleddatahavingessentialfeaturesandpreferredoutput.Oncethemachineistrained,testingis
performedagainstthetestdataandtheresultsarematchedwithdesiredresultsandtheaccuracyof
themachineandalgorithmgetsmeasured.Withtheavailabilityofhugeamountofunlabeleddata,
supervisedlearningisnotpossible.Henceitisnecessarytouseunlabeleddatatotrainamachine.
Thelearningprocessusingunlabeleddataiscalledunsupervisedlearning.Unsupervisedlearning
accomplishesthetrainingprocessofanalgorithm,withunlabeleddatathataregroupedonbasisof
relationship,variationsandpatternswithinthedata.Basedonsimilaritiesanddifferencesahieratical
structureisformeduptothepointthatsimilarobjectsaregroupedtogether(Goyal&Kishnan2019).
Unsupervisedlearningalgorithmsarealsotermedasclusteringalgorithmsasaclusterofdataisformed
fromlargeamountpfunlabeleddatawhileconsideringresemblanceandvariation(Mohssen&Eihab
2017).ClusteringalgorithmsarefurthercategorizedasDensitybasedmethods;Connectivitybased
methods,HierarchyBasedMethods,CentroidBasedMethodorPartitioningMethodsandDistribution
BasedMethods.Semisupervisedlearninguseslabeleddata(insmallamount)andunlabeleddata(in
largeamount)(Zhu2005).Reinforcementlearningisquitedifferentfromsupervisedlearningand
unsupervisedlearning.Thereisneitheraknowledgeableexpertsupervisornoraninput/outputpair.
Reinforcementlearningisagoalorientedtechniqueofmachinelearningindynamicenvironments.
Reinforcementlearningismachinelearningprocesstoproduceintelligentprogramsoragentsthrough
learningandadoptingfromenvironmentalchanges.Learningcanbedoneeventhoughtheinformation
abouttheenvironmentisnotcompletelyknown.Agentsgetthefeedbackabouttheactionperformed
andreward/punishmentimmediately.Themethodsforreward/punishmentsignalareFinite-horizon
model, receding-horizon control, infinite-horizon discounted model, and average-reward model
(Kaelblingetal.,1996).Evolutionarylearningisalearningprocesswhereanalgorithmlearnsfrom
itspastresultandimprovesitsperformance(Zhangetal.,2011).Deeplearningistheimprovement
overMultilayerperceptronmodelwherethehiddenlayerscanbeincreased,toagivencomputational
level(Litjensetal.,2017).Indeeplearningtheminimumnumberofhiddenlayersmustbemorethan
two.CategorizationofmachinelearningalgorithmsisgiveninFigure1.

3. STUDy oF MACHINE LEARNING ALGoRITHMS IN HEALTHCARE SECToR

Healthcaresectorisoneofthemostemergingsectors,whichpresentlifesavingtomillionsofpeople;
it is alsobecomingoneof the top revenue-earning sectors invarious countries.Today in India,
approximately4.7%oftotalGDPisspentonthehealthcaresectorperyear(GlobalHealthObservatory
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Report-Indian.d.).Asaresult,healthcareexpertsandresearchersofcloselyrelatedorotherfields,
allaroundtheglobeareworkingtofindinnovativewaystodeliverqualityandtimelyoutcomes
inhealthservices.Duetothedemandoffastandqualityhealthserviceinpatientcare,billing,and
updatedmedicalrecords,technologybasedexpertsystemarebeingdeveloped.Implementationof
Machinelearninginhealthcareiswidelyaccepted.Machinelearninginhealthcareassistsinanalyzing
variousdatapointsandoutcomegenerationwhileprovidingtimelymedicaltoolset.Inthissection,
wediscussvariousapplicationsofmachinelearningalgorithmsinidentificationandpredicationof
Cancers(BreastCancer,LungCancerandSkinCancer).Cancerisadiseaseinwhichbodycellsgrow
orchangeabnormally.Duetothisgrowth,lumpscoulddevelopinanypartofthehumanbody.Each
specificcancerisnameduponthebodypartitdevelopsinsuchasOralCancer,StomachCancer,
Melanoma,BreastCancerandLungCancer.Duetolargenumberofcancercasesreportedandan
increaseintheuseofMRI,CTscansandmammographicimagesthetaskofmedicalpractitionerhas
becomecriticalandcrucial.Theyneedtoquicklyidentifyandanalyzethenodulesintheimagesand
makeaprognosis.Asmallnegligenceinthetaskmayturnintodisasterforthepatient.Asaresult
computeraideddiagnosis(CAD)systemsareevolvedforearlyandcorrectdetectionofcancer.CAD
systemsaredesignedfordetection(CADe)anddiagnosis(CADx).TheCADxsystemproducesa
diagnosiesbasedonMRI,CTaswellasMammographicimages,featureextractioncanbeperformed
overthoseimagesandasresult,theyareautomaticallyclassifiedasMalignant(Cancerous)orBenign
(Non-Cancerous)(Valenteetal.,2016).

3.1 Breast Cancer 
Anabnormalgrowthofmalignantbreasttissueistermedbreastcancer.Breastcanceristheleading
causeofdeathinwomenbycancer.Atthesametime,it isalsooneofthemostcurablecancers

Figure 1. Machine learning categorization
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(Mallamalaetal.,2019).BreastcancercanbefurtherclassifiedasDuctalCarcinomainSitu(DCIS),
InvasiveDuctalCarcinoma,Triplenegativebreastcancer,inflammatorybreastcancer,Metastatic
breast cancer, Breast Cancer during pregnancy, Medullary Carcinoma, Tubular Carcinoma, and
MucinousCarcinoma(TypeofBreastCancern.d.).ThesurveyconductedbyNationalCancerInstitute
suggeststhatintheUSoneoutofeveryeightwomenispronetogetsuchcancerinherlifetime
(SEERCancerStaticReview1975-2016).Breastcancercasesaccountfor25%oftotalcancercases
reportedonwomen.3%ofwomendieintheearlystagesofthedisease.Women40yearageorolder
aremorepronetobreastcancer.Toprotectthemselvesagainstbreastcancer,patientshouldclosely
followtheirhabitsastoavoidgettinginfections,andtorecognizesymptomsintheearlystagesof
thedisease.Itisalsoimportanttotakepropermedication,andconsultwithexperts(Gbengaetal.,
2017).DEGbengaelalsuggeststhatmachine-learningalgorithmsareveryeffectiveandefficient
inearlyandcorrectdetectionofbreastcancer.Eightmachine-learningalgorithms(RadialBased
Function(RBF)Network,SupportVectorMachine(SVM),SimpleLinearLogisticRegressionModel
(SL),NaïveBayes(NB),k-NearestNeighbor(k-NN),AdaBoost,FuzzyUnorderedRoleInduction
algorithm(Fuzzy),andDecisionTree)areexperimentedonWisconsinBreastCancer(WBC)dataset.
Theparameters taken intoconsideration for effectivenessandefficiencyof thesealgorithmsare
accuracy,TPR,FPR,precision,F-measureforeffectivenessandefficiency.SVMisreportedwith
bestaccuracy(97.07%)(Gbengaetal.,2017).Anautomaticbreastcancerclassificationapproachis
proposedusingdigitalizedmammographicimages.FeatureextractionisperformedbyGaborFilter
anddatareductionisperformedusingLocalitySensitiveDiscriminantAnalysis(LSDA).Classification
algorithmsusedtoclassifydataareDecisiontree,LinearDiscriminantAnalysis(LDA),Quadratic
DiscriminantAnalysis(QDA),k-NearestNeighbor(k-NN),NaïveBayes(NB)ProbabilisticNeural
Network(PNN),SupportVectorMachine(SVM),AdaBoostandFuzzy(FSC).Universallyaccepted
DDSMdataset(DigitalDatabaseforScreeningMammography)with690mammographicimages
isusedforanalysis.Thehighestaccuracyreportedbyk-NNmachinelearningalgorithmis98.69%,
withsensitivityof99.34%and98.26%specificity.k-foldcrossvalidation(k=5)(Raghavendraetal.,
2016).Inearlydetectionofbreastcancer,tumordetectionviaRamanSpectroscopyhasanefficient
rolebutduetolowSNRoftheRamanspectrum,itisdifficulttodiagnosebreastcancertumorswith
it. The authors have proposed entropy weighted local hyper plane k-Nearest Neighbor (EWHK)
algorithmtoimprovethedetectionofbreastcancer.Theotherapproachesusedandcomparedinthis
diagnosisareadaptiveplanek-localhyperplane(AWKH)algorithmandk-NN.Theresultanalysis
showsthatEWHKgives92.33%accuracyascomparedto90.70%forAWKHand89.30%specified
byk-NN(Lietal.,2018).TheBreaKHisdatasetcontainsapproximately8,000histopathologyimages
ofbreasttumor(benignormalignant).TheauthorshaveproposedaNon-ParametricMultipleInstance
LearningCADsystemforbreastcancer.VariousMILtechniquessuchasAPR(Axis-ParallelRectangle
algorithm),DD(DiversityDensity),MI-SVM(MultipleInstanceSupportVectorMachine),Citation
k-NNandMILCNNareused alongwithnon-parametricmultiple instance learning approach to
studythebreasttumorimages.Non-parametricMILisamodifiedversionofthek-NNalgorithm.It
utilizesanapproachonthebasisofdistancebetweenk-neighbors(nearest).Non-parametricMIL
increasesstrengthtoidentifynoiseondifferentdatasets.TheMILapproachisalsocomparedwith
variousSingleInstanceLearning(SIL)classificationalgorithmssuchasNeuralNetwork(1-NN),
Quadratic Discriminant Analysis (QDA), Random Forest (RF), CNN and SVM. The BreaKHis
datasetcontactsimagesthataremagnified40x,100x,200xand400xforbetterstudyofmalignant
tumor.AspertheresultsobtainedbytheauthorsintheirstudypresentsthatincomparisontoMIL,
NonparametricMILgivesbetterresultintheclass(40x(92.1%),100x(89.1%)and200x(87.2%))
anaverageof89.47%andMILCNNfor400ximages83.4%(Sudharshanetal.,2018).RakhlinAet
aldevelopedacomputationalmodelbasedonconvolutionalneuralnetworkforclassifyingimagesof
breastcancerintofourclasses;Normal,Benign,‘Carcinomainsitu’andInvasiveCarcinoma.Each
classrepresentsaspecificcancertypeinanimage.Intheirresearch,theauthorshaveusedadifferent
approachtermedasdeepconvolutionalfeaturerepresentation(Guoetal.,2016).Tonormalizeeach
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microscopicimage,50randomcoloraugmentationswasperformedanddownsizedeachimagewith
cropsof400x400and650x650encodedas20,convertedintosingledescriptorthroughthreenorm
polling(Boureauetal.,2010).

Table 1. The summary of machine learning approaches for breast cancer diagnosis

Author Year Data Set/ 
No of Images

Machine Learning 
Algorithm/ Technique

P.J.Sudharshan,CarolinePetitjean,Fabio
Spanhol,LuizEduardoOliveira,
LaurentHeutte,PaulHoneine(Sudharshan
etal.,2018)

2019 BreaKHisDataset/8000with
zoom40x,100x,200x,400x

APR,DD,EM-DD,
Citationk-NN,MILCNN,
NonparametricMIL

AlexanderRakhlin,AlexeyShvets,Vladimir
Iglovikov,
AlexandrA.Kalinin(Rakhlinetal.,2018)

2019 H&Estainedbreasthistology
microscopyimageDataset/400

CNNModels(ResNet
50,VGG-16,Inception
V3,ModelFusion)

QingboLi,WenjieLi
JialinZhang,ZhiXu(Lietal.,2018) 2018

PekingUniversityThird
Hospital/16,
QE6500Ramanspectrometer

EWHK,
k-NN(k=5)
AWKH

DadaEmmanuelGbenga,Ngene
Christopher,DaramolaComfort,
Yetunde(Gbengaetal.,2017)

2017 WBC/699
RBF,SVM,LR,NB,
k-NN,AdaBoost,DT,
Fuzzy

U.Raghavendra,U.RajendraAcharya,
HamidoFujita,AnjanGudigar,
JenHongTan,ShreeshaChokkadi
(Raghavendraetal.,2016)

2016 DDSM/690

DT,LDA,QDA,k-NN,
NB,PNN,SVM,
AdaBoost,FuzzySugeno
(FSC)

Figure 2. Accuracy of machine learning algorithms for breast cancer diagnosis
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CNNssuchasResNet50,InceptionV3andVGG-16wereusedforfeaturesExtraction.For
modelfusionwithResNet50andInceptionV3,lastconvolutionlayer(2048channels)wasreplaced
with GlobalAveragePooling (1D feature vector of length 2048). For model fusion of VGG 16
GlobalAveragePoolingwasappliedonfourinternalconvolutionlayersandreplacedwithonevector
of length1408.Datasetusedfor theanalysis is‘HematoxylinandEosinstainedbreasthistology
microscopyimagedataset’with400imagesoffourclasses.Theresultofproposedapproachwas
comparedwiththeresultsofclassicalCNNmodels(ResNet50,InceptionV3andVGG-16).The
resultshowsthatproposedmodelfusiongivestheaccuracyof93.8%for2-Class(non-carcinoma
vscarcinomas)classificationandfor4-classclassificationaccuracymeasuredis87.2%(Rakhlinet
al.,2018).Theaccuracyofclassificationismeasuredover10foldcrossvalidation.TheSummery
ofmachinelearningapproachesforbreastcancer,studiedinthispaperisgivenintheTable1.The
graphplotted inFigure2showsannualaccuracyachievedbymachine learningalgorithmin the
diagnosisofbreastcancer.ThedatapresentedinTable1isusedtoplotthegraphs.Toplotthegraph
authorshaveusedMSVisio.

3.1.1 Analysis of Breast Cancer Study
Intheaboveliteraturediscussed,k-NNoffershighestaccuracyof98.69%in2016asshowninthe
Table1.Inmanyapplicationareask-NNshowsgoodperformanceresult.Featuresselectedbyauthors
inthepaperrespondedwellbyk-NNalgorithm.In2018avariantofk-NNtermedasEWHK(Entropy
WeightLocalHyperplanek-nearest-neighbor)isusedtoclassifybreastcancer.Anaccuracyof92.33%
isachievedwhichisquitelowincomparisonwith2016.Thedatasetusedinboththepaperswere
different.Overallinoverstudyk-NNgivesbetterresultswhilecomparingwithotheralgorithms.

3.2 Lung Cancer 
UncontrolledgrowthofcellintolungsiscalledLungCancer.Lungcancercanbecategorizedas
Smallcelllungcancers(SCLC),acancerdominateson10-15%oftotallungcancerscases,andNon-
smallcelllungcancers(NSCLC)holds85%ofthetotalcases.NSCLScanbecategorizedfurther
asAdenocarcinoma,Squamouscellcarcinomas,andLargecellcarcinomas.Lung,prostrate,breast,
coloncanceraremostcommoncauseofdeathduetocancer.46%ofallthedeathsduetocancerare
becauseofthese,whereaslungcanceraloneholds27%ofthis(Siegeletal.,2016).Earlydetection
oflungcancerwithComputedTomography(CT)scanincreasesthechancesofsurvivalofpatient.
VariouscomputeraideddiagnosissystemhavebeendevelopedforearlydetectionofLungcancer.
Inthissectionauthorshavestudiedandanalyzedfewresearchesfordetectionofinfectednodules.A
personmaygetinfectedwithcancerduetohisgeneticstructure.StudiesofEcogenomicsofcancerare
moreimportanttohighlightthefactorsandcauseofcancel.Theauthorshadanalyzedgenesexpression
oflungcanceronKRBMDrepository(KentRidgeBio-medicalDataset).Theauthorshavepredicted
optimalsubsetofgeneswhicharemostprobablyplayvitalroleinlungcancer.Environmentasa
factorassociatedalsobeingconsideredalongwithhumangeneswhichmaycauseCanceraswell.
AdvancedmachinelearningalgorithmssuchasMultilayerPerceptron(MLP),RandomSubSpace
(RSS)andSequentialminimalOptimization(SMO)wereusedasclassifiertoprovidecomparisonon
thefactorsaccuracy,precisionandrecall.Outof7129genes72genescomesasmostprobablecauseof
cancer.ByapplyingtherankingmethodusedwasInfogain.Outofthat,sixgenestypewereselected,
whichwereassociatedwithaspecifictypeofcancer.Theresultrevealsthatanaccuracyof91.67%
wasachievedwithSMOincomparisonwith86.67%withMLPand68.33%withRSS(Pati,2019).
Structuralco-occurrencematrix(SCM)afeatureextractiontechniquewasappliedongrayscaleand
HounsfieldunitimageswithMean,Laplace,GaussianandSobelfiltersontheimagesofLIDC/IDRI
datasetinordertocreateeightdifferentconfigurations.SupportVectorMachine(SVM),k-Nearest
Neighbor (k-NN)andMultilayerPerceptron (MLP).Machine learningalgorithmswereused for
classificationofimagesasMalignantorBenignandalsoclassifythemalignancylevelonthescale
offive.TheresultofSCMwascomparedwithGLCM,Localbinarypatterns,Centralmomentsand
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statisticalmoments(Rodriguesetal.,2018).Thisapproachresultsin96.7%accuracyandF-score
inimageclassification(MalignantorBenign)and74.5%accuracyand53.2%F-scoreinclassifying
Malignancylevel.TheauthorsconcludedthatSCMextracts thefeaturessuccessfullywhenused
withmeanfilterwithHUunitimagesasinputandusingSVMasclassifier.A.Masoodetalhave
proposedacomputerassisteddecisionsupportsystem(DFCNet)forpulmonarylungcancerdetection
andclassification.TheCADsystemisbasedonnoveldeeplearningmodelanddatacollectionwas
performedusingmedicalbodyareanetwork(MBAN).DFCNetbasedonfullyconvolutionalNeural
Network(FCNN),classifiesthepulmonarynodulesintofourstagesoflungcancer.Thearchitecture
ofDFCNetisembracessevenconvolutionlayerandparametricrectifiedlinerunits,sevenpooling
layer(max),sevennormalizationlayer(batch)andtwodenselayerConv2048leakyrectifiedlinear
units(LreLU),a1000-dimentionaldenselayeranddeconvolutionallayerwithactivationfunctionas
softmax.Theauthorshaveusedsixdifferentdataset(LIDC/IDRI,RIDER,SPIEchallengedataset,
LUNAI6,LungCTdiagnosis,Shanghaihospitalno6dataset)tochecktheperformanceofthemodel
proposed.Anaccuracyof84.58%(Average)ofDFCNetisachievedwhilecomparingtheresultswith
CNN(77.6%).Thecommonsymptomstakenintoconsiderationduringstudywerebodyweightloss,
breathlessness,heart rate,highbody temperature,bloodpressure, insomnia,andhyper-calcemia,
whichcausepain,fatigueandconstipation(Masoodetal.,2018).YanQiangetalproposedadeep
learningbasedmethodforpulmonarynodulesdiagnosisusingEML(ExtendedLearningMachine).
Dual model deep supervised auto encoder (DSDAE) method, take input images, obtained from
positronemission tomography(PET)andcomputedtomography(CT)scaninapair.Supervised
encodeextractshigh-leveldiscriminativefeatureswithinthenodule.Forvalidationpurpose5-fold
crossvalidationisusedover1600imagesof120patientswith2810pulmonarynodules,collected
fromahospital’sPET/CTcentreinShanghai,China.Toincreasethenumberofimagesforstudy
newimageswereobtainedbyimageaugmentation(rotatingandscalingof images).Theauthors
havedividedthedataintofivesubsets;foursubsetswereusedfortrainingandonefortesting.The
processoftrainingandtestingwasrepeatedfivetimes.Forachievinghigheraccuracy,multimodal
informationfusion(DecisionLevelfusion(DLF)andFeaturelevelfusion(FLF))techniqueswere
usedforfusionofCTandPETfeatures.Forclassification,classicalmachinelearningalgorithms
(BackPropagation,Neural

Network,SupportVectorMachine,NaïveBayes,LogisticRegressionandELM)wereusedonthe
featuresofCT,PET,F-DLF,andF-FLF.Theeffectivenessofaclassificationalgorithmismeasured
onaccuracy,sensitivityandspecificity.Logisticregressionachievedanaccuracyof92.8%onF-FLF,
whereasELMachieved88.75%andstoodsecond(Qiangetal.,2017).Deeplearningisoneofthe
mostpowerfulandpopularmethodinMedicalImagediagnosis(Litjensetal.,2017).Theauthors
havedesignedCNN,DNNandSAEthreedeepneuralnetworksforlungcancerdetection.TheCNN
modelhastwoconvolutionlayers(24x24x32,8x8x64)andmaxpoollayers(12x12x64,4x4
x64),twofullyconnectedlayer(512x1,2x1)andonesoftmaxlayer(2x1)asactivationfunction.
TheDNNmodelhasoneInputlayer(28x28x1)fourfullyconnectedlayer(784x1,512x1,2561,
64x1)andonesoftmaxlayer(2x1)asactivationfunction.SAEisamultilayerautoencoderneural
network.Itisanunsupervisedlearningalgorithmwith3layers(input,hiddenandoutput).Inputlayer
is28x28x1;hiddenlayerhas3fullyconnectedlayer(784x1,256x1,64x1)andoutputlayer
assoftmax(2x1)activationfunctiontoclassifythenodulesasmalignantorbenign.LIDC/IDRI
datasetwith5024sampleimagesisusedforanalysis.TheresultconfirmsCNNgivesaccuracyof
84.15%incomparisonwithDNN(82.37%)andSAE(82.59%)(Songetal.,2017).Overviewofthe
applicabilityofthemachinelearningalgorithmsforLungcancerdiagnosis,studiedinthispaper,is
presentedintheTable2.ThegraphplottedinFigure3showstheannualaccuracyachievedbythe
useofmachinelearningalgorithmforthepurposeofdiagnosinglungcancer.Thedatapresentedin
Table2isusedtoplotthegraphs.TheauthorshaveusedMSVisiotoproducethegraph.
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3.2.1 Analysis of Lung Cancer Study
SVMprovidesbetterresultsindetectionofLungcancerwithanaccuracyof96.7%asreportedin2018.
LIDC/IDRIdatasetwasusedforexperimentsandSVMwasimplementedforfeaturesextraction.In
2019,avariantofSVMnamedSMOwasalsoimplementedforthelungcancernodulesdetection.

Table 2. The summary of machine learning approaches for lung cancer diagnosis

Author Year Data Set/ No of Images Machine Learning 
Algorithm/ Technique

JayadeepPati(Pati,2019)
 2019 KRBMDrepository

MLP
RSS
SMO

Murillob.Rodrigues,Raulvictorm.Da
nóbrega,Sharashamia.Alves,Pedro
pedrosarebouçasfilho,Joãobatistaf.Duarte,
Arunk.Sangaiah,Victorhugoc.
DeAlbuquerque(Rodriguesetal.,2018)

2018 LIDC/IDRIdataset
SVM
k-NN
MLP

AnumMasood,BinSheng,PingLic,
XuhongHou,XiaoerWei,JingQin,
DaganFeng(Masoodetal.,2018) 2018

LIDC/IDRI,LIDER,
SPIEchallenge,LUNAI6,
LungCTdiagnosis,
ShanghaiHospitalNo6

DFCNet
CNN

YanQiang,LeiGe,XinZhao,
XiaolongZhang,XiaoxianTang(Qiangetal.,
2017)

2017 Shanxihospital’s
PET/CTcentreChina/1600

BP,SVM,NB,
ELM,LR

QingZangSong,LeiZhao,
XingKeLuo,XueChenDou(Songetal.,2017) 2017 LIDC/IDRI/5024 CNN,DNN,SAE

Figure 3. Accuracy of machine learning algorithms for lung cancer diagnosis



International Journal of E-Health and Medical Communications
Volume 12 • Issue 1 • January-March 2021

9

Theaccuracyachievedwiththisapproachis91.67%,whichwaslowerthanthatofSVM,asreported
in2018.However,thedatasetsforbothstudiesweredifferent.Over-allinthosestudiesSVMresults
asthebestalgorithmforlungcancerdetection.

3.3 Skin Cancer
Uncontrolledgrowthofskincellsisknownasskincancer.Themajorcausesofskincancertooccur
skincancerareexposedtoUVraysofsunlight,tanningbeds,damagedskincellbyunrepairedDNA
andgeneticdefects.Duetothesecausescellgrowsmultiplicativelyandturnedintomalignanttumors.
SkincanceriscategorizedasActinicKeratoses(AK),Basalcellcarcinoma(BCC),Squamouscell
carcinoma(SCC),Melanoma(Dorjetal.,2018).Melanomaisoneofthemaincausesofskincancer
whichcauses75%ofthetotaldeathfromskincancer(Kavithaetal.,2017).Inthissectionauthor
hadstudiedandanalyzedfewresearchesonMelanomaskincancer.Ademographicimagehasvarious
featuressuchascolor,textureandshape.Outofthistextureisconsideredasoneofthemostcrucial
featureoftheimage.TextureisfurthercategorizedasLocaltexturefeature(LTF)andGlobaltexture
feature (GTF). The global feature refers energy, entropy, homogeneity, correlation, contrast,
dissimilarityandprobability.TocomputeGTF,Greylevelco-occurrencematrix(GLCM)isused
withvariousorientationsangle(θ=0,45,90,135).Speededuprobustfeature(SURF)atexture
featuredescriptorusedtofindLTF.Forclassificationofdermoscopicimagesintomelanomaand
non melanoma, SVM and k-NN classifier algorithms were used. The performances of Machine
learningalgorithmswerecalculatedontheparameterssuchassensitivity,specificity,accuracyand
precision.TheauthorshaveusedOtsu’sadaptivethresholdingmethodforsegmentationoforiginal
dermoscopicimage.Totalimagesusedwere250(150fortraining&100fortesting).Theclassification
resultsshowsthatusingSURF(86%)withSVMandk-NN(84%)givesbetterresultsoverGLCM
with SVM(77%) and k-NN(72%) . Local texture feature extraction method (SURF using SVM)
outperformfortheproposedmethod(Kavithaetal.,2017).J.PremladhaetalproposedaCADsystem
formelanomadetectionandprediction.992imagesfromMednodeandPH2datasets(PH2Dataset
n.d.)wereused for thepurposeof thestudy.ContrastLimitedAdaptiveHistogramEqualization
technique (CLAHE)andMedian filterwereused forenhancementof images.For thevalidation
purposea10-foldcrossvalidationisperformedwithchisquaredistributionof95%confidentiality
limit.TheCADsystemworksinfivestages,startingwithImageacquisition,Imagesegmentation,
Borderextraction,Featureextraction,andendwithclassification.Inimagesegmentation,theROI
(RegionofInterest)ofanimagewassegmentedfromacompletedermographicimageforwhich
NOS(NormalizedOtsu’sSegmentation)algorithmwasimplemented.Borderextractionwasperformed
usingGVF(GradientVectorflow)andstatisticalregionmergingtechnique.Featureextractionisa
processoffindingoutimportantfeaturesofanimageforclassification.TheauthorshadusedGLCM
(Greylevelco-occurrencematrix)andGeometricalbasedfeatureforfindingthestatisticalandshape
featuresoftheimage.ClassificationalgorithmssuchasDLNN(Deeplearningneuralnetwork),SVM
(Supportvectormachine),Hybrid-Adaboost(Adaboost+SVM)andANFIS(AdaptiveNeuroFuzzy
InferenceSystem),Adaboost (Real,Gentle&Modest)were implemented and effectivenesswas
checkedovertheparametersuchasaccuracy,sensitivityandspecificity.TheresultshowsthatDLNN
andHybridAdaboost (Adaboost+SVM)givebetter accuracy92.89%and91.73% respectively
(Premaladha&Ravichandran2016).TheauthorshadfollowedABCD(AsymmetricalShape,Border,
ColorandDiameterofMelanoma)ruleanddevelopaDecisionSupportSystem(DSS)thathelpin
decisionmakingbymedicalpractitioner.InthisresearchdermographicimagesofPH2dataset(PH2
Datasetn.d.)hadbeenstudiedthroughfourmachinelearningalgorithms,ANN(ArtificialNeural
Network),SVM(SupportVectorMachine),k-NN(k-NearestNeighbor)andDT(DecisionTree)to
group the skin lesion as normal, abnormal andmelanoma. The features studied to diagnose the
melanomawereshape,border,coloranddiameter.Datasetwasdividedintotendifferentsubpartsby
k-foldcrossvalidation(k=10)andk-1subsetswereusedfortrainingandtestingwasperformedon
remainingonesubset i.e. totalktimes.ThehighestaccuracywasachievedbyANN(92.50%)in
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comparisonwithDT(90.0%),SVM(89.5%)andk-NN(82.0%)(Ozkan&Koklum2017).M.Nasir
etalproposedacomputerizedmethodforclassifyingskinlesionasmelanomaorbenign.DullRazor
(Leeetal.,1997)techniqueisusedtoprocesstheimages(removinghairfromtheimages).Inorder
toenhancethecontrastandmakethelesionclearer,acontraststretchingtechniqueswhichutilizes
colorandtextureinformationisused.Forimagesegmentation(borderdetection),auniformdistribution
techniqueandactivecontourbasedmethodswereused.Theresultsofuniformdistributionandactive
contourbasedmethods(Chan&Vese2001)arefusedtogetherinordertogetbetterimagesofthe
lesion.Theadditivelawofprobabilitywasusedtoperformthefusionofthetworesultsmentioned
above.Forfeaturefusion,serialfeaturefusionwithmaximumentropytechniquewasusedonthree
featurescolor,SFTA(Texture)andHOG(Shape).Tovalidatetheresultsoftheprocessproposedin
thispaper,theauthorshadcomparedtheresultoftenmachinelearningalgorithms.Theresultsof
proposedlinearSVM(L-SVM)wascomparedwithDT(DecisionTree),BT(BaggedTree),SDA
(Subspacediscriminantanalysis),w-k-NN(Weightedk-NN),Fine-kNN(f-kNN),subspace-kNN(s-k-
NN), LDA(Linear discriminant analysis), QDA(Quadratic discriminant analysis), C-SVM(Cubic
SVM)andQ-SVM(QuadraticSVM).Alltheresultswerevalidatedonk-foldcrossvalidation(k=10).
ExperimentrevelsthatL-SVM(SVMwithentropybasedmethod)providesbestresultwithaccuracy
97.5%(Nasiretal.,2018).TrilongpalmetalproposeaDeepConvolutionalNeuralNetwork(CNN)
studywithtwocontributionsfirstamodelcombiningdeepCNNanddataaugmentationtoimprove
classificationofskincancerlesion,second,measuringperformanceofvariancemachinelearning
classificationalgorithmsonaugmenteddataimages.Theauthorshaveproposedasystemformelanoma
classificationwiththreestepsaugmentation,featureextractionandclassification.Indataaugmentation
deformationsareappliedtothedataandtrytoovercometheproblemofoverfittingoflabeleddata.
Threedifferent data augmentation techniques were implementedby the authors.The techniques
namedasGeometric augmentation:cropping,horizontalandverticalflipoforiginalimagedata.
Color augmentation:normalizingthecolorofimagescollectedfromdifferentsourcesordevices.
Data wrapping: to mitigate over fitting of melanoma. Feature extraction is performed via deep
convolutionalnetworkmethod inceptionV4 (Szegedyet al., 2017). InceptionV4 is an improved
versionof inceptionV3(Szegedyetal.,2016)anddevelopedonGoogleNetplatform.Afterdata
augmentationandfeatureextraction,NN(Neuralnetwork),SVM(supportVectorMachine)andRF
(Randomforest)machinelearningalgorithmswereimplementedforclassification.Total6762images
ofthreedatasets2017ISBIchallengetrainingandtestingdataset(TheFourGrandChallengesChosen
forISBI2017),ISICchallengedataset(TheInternationalSkinImagingCollaboration(ISIC)n.d.)
and PH2 dataset (PH2 Dataset n.d.) with three sort of data augmentation NODAUG (no data
augmentation),DAUG-50(augment50samplesofeachimage),DAUG-100(augment100samples
ofeachimage).TheresultofDAUG-100,DAUG-50,NO-DAUGwithclassificationalgorithmsNN,
SVM,RFwerecomparedwithtopthreealgorithmsofISBI2017challengeonthefeaturesAUC,AP,
SEN,SPC,ACC,andPPV.TheresultshowsthatNNgivesbetteraccuracy(89.0%)withDAUG-100
imageswhilecomparingwithTop#3algorithmofISBIchallenge2017(87.2%).TheresultsofSVM-
DAUG-50(88.8%)andRF-DAUG-50(88.5%)werebetterthanNN-DAUG-50(88.2%)butoverall
higheraccuracy(89%)wasachievedbyNN-DAUG-100(Phametal.,2018).Summaryofmachine
learningalgorithmsforskincancer,studiedinthispaperispresentedinTable3.Thegraphplotted
inFigure4givesannualaccuracyachievedformachinelearningalgorithmsusedtodiagnoseskin
cancer.ThedatashowsinTable3areusedtoplotthegraphsinFigure4.TheauthorshaveusedMS
Visiotoplotthegraph.

3.3.1 Analysis of Skin Cancer study
Inthestudyofskincancerdiagnosis,bestaccuracy(97.5%)wasachievedbyavariantofSVMi.e.
LinearSVM(L-SVM)aspublishedin2018.In2017,diagnosingaccuracyof86%hadbeenreported
bySVM-SURF,whichwaslowincomparisontotheresultsofSVMaspublishedin2018.NN,ANN
andDLNNwerealsousedin2018and2017respectively.NNprovideanaccuracyof89%whilean
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accuracyof92.5%and92.89%hadbeenachievedwiththeuseofANNandDLNN.Thestudyshows
thatSVMgivesbetterresultsforskinmelanomadetection.

Table 3. The summary of machine learning approaches for skin cancer diagnosis

Author Year Data Set/ No of Images Machine Learning Algorithm/ 
Technique

Tri-CongPham,Chi-MaiLuong,
MurielVisani,DungHoang(Pham
etal.,2018)

2018
ISBI2017ChallengeDataset
(training&testing)/6762,ISIC/
PH2/200

SVM
RF
NN

MohdNasir,AttiqueKhan,
MohdSharif,IkramUllahLali,
TanzilaSaba,TassawarIqbal(Nasir
etal.,2018)

2018 PH2/200
L-SVM,DT,BT,SDA,QDA
w-kNN,f-kNN,s-kNN,LDA,
C-SVM,Q-SVM

JCKavitha,SuruliandiA,
NagarajanD(Kavithaetal.,2017) 2017 Not mentioned /250

SVM-SURF
k-NN-SURF
SVM-GLCM
k-NN-GLCM

IlkerAliOzkan,
MuratKoklu(Ozkan&Koklum
2017)

2017 PH2/200 ANN,SVM
k-NN,DT

J.Premaladha
K.S.Ravichandran(Premaladha&
Ravichandran2016)

2016 (Mednode&PH2)/922
DLNN,SVM,Hybrid-
Adaboost,ANFIS,
Adaboost(Real,Gentle,Modest)

Figure 4. Accuracy of machine learning algorithms for skin cancer diagnosis
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4. CoNCLUSIoN

Machinelearningplaysavitalroleinmanyareassuchasimageprocessing,datamining,natural
languageprocessingandhealthcare.Outofthishealthcareisanemergingareaformachinelearning
applicationandimplementation.Inthispaper,wepresentedourstudyofdifferenttypesofcancers
(BreastCancer,LungCancer&SkinCancer).Inaddition,themachinelearningalgorithmswere
usedtostudytheirapplicabilityinthediagnosingothercancers(colon,prostate,throat,bone,mouth),
heart,liver,kidney,diabetesandother.Whenwecomparetheresultsofthethreecancersstudiesthat
wehavepresentedinthispaper,k-NNprovidesthehighestoverallaccuracyof98.69%forbreast
cancerwhereastheuseofSVM(oritsvariants)resultsinbetteraccuracyindiagnosinglungcancer
(96.7%)andskincancer(97.5%).
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