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ABSTRACT

Alargenumberofmachinelearningapproachesareimplementedinhealthcarefieldforeffective
diagnosisandpredictionofdifferentdiseases.Theaimofthesemachinelearningapproachesis
tobuildautomateddiagnostictoolforhelpingthephysicianaswellasmonitorthehealthstatus
ofpatients.Thesediagnostictoolsarewidelyadoptedinintensivecareunitforlifeexpectancyof
patients.Inthisstudy,aneffortismadetodesignanautomateddiagnosticmodelforthediagnosis
andpredictionofdiabetespatients.Theproposeddiagnosticmodelisdesignedusingartificial
beecolony(ABC)algorithmanddeepneuralnetwork(DNN)technique,calledABC-DNN-based
diagnosticmodel.TheABCalgorithmisappliedtodeterminetherelevantfeaturesfordiabetes
predictionanddiagnosiswhileDNNtechniqueisadoptedforthepredictionanddiagnosisof
diabetesaffectedpatients.TheperformanceofproposeddiagnosticmodelistestedoverPima
IndianDiabetesdatasetandevaluatedusingaccuracy,sensitivity,specificity,F-measure,Kappa,
andareaundercurve(AUC)parameters.Further,10-foldand50-50%training-testingmethod
areconsideredtoassesstheperformanceofproposeddiagnosticmodel.Theexperimentalresults
ofproposedABC-DNNmodeliscomparedwithDNNtechniqueandseveralexistingdiabetes
studies. It isobserved thatproposedABC-DNNmodel achieves94.74%accuracy rateusing
10-foldmethod.
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1. INTRoDUCTIoN

Duetoadvancementinhealthcaresystem,lifeexpectancyofhumanisincreasedtremendouslyin
lasttwodecades.But,severalchallengesareassociatedwithhealthcaresystems.Thesechallenges
arelackofmedicalinformation,diagnosticerrors,inadequatedata,irrelevantfeatures,datathreaten
etc.Inliterature,severalexpertsystems,decisiondiagnosticsystem,electronichealthrecordsystem,
predictionsystemarepresented(Doi,2007;Meystreetal.,2008;Rangayyanetal.,2007).These
systemsconsiderablyhelpthephysiciansfordiseasediagnosis.Thetermdiseasediagnosisrefersto
determinethediseasethroughsymptomsanditcanbeformulatedasclassificationofmedicaldata
fordecisionmaking.Suchdecisionmakingsystemsrequireshighercomputingpower toprocess
thelargemedicaldataset.Thedecisioncapabilitiesofthesesystemsdependonamountoftraining
data.Theaimofthesesystemsistominimizethephysicianerrors.Suchsystemscanenhancethe
decisioncapabilitiesofphysicianaswellasimprovethediagnosticaccuracy.Itisnoticedthatmany
computer-aideddiagnostic toolsarepresented in literature tohelp thephysicians.Largenumber
ofmachinelearningtechniquesis incorporatedindiagnostic tools to improvethepredictionrate
(Kavakiotisetal.,2017;Naharetal.,2013;Nilashietal.,2017;Shickeletal.,2017).Itisseenthatall
featuresarenotequallyimportantfordecisionmakingprocess.Theirrelevantfeaturescanalsoaffect
thepredictionaccuracyofthealgorithm.Hence,severalresearchersalsofocusontheidentification
of relevant features for disease diagnosis and prediction. Several features selection algorithms
arealsopresentedinliterature(Akay,2009;Inbaranietal.,2014;Lin&Hsieh,2015;Subanya&
Rajalaxmi,2014).Featuresselectioncanbedefinedasidentificationofmostrelevantsetoffeatures
fromthemedicaldatasets.Theaimoffeatureselectiontechniquesistoreducecomputationalcost
andalsoimprovetheaccuracyrateofdiagnosticprocess.Thesetechniquesarealsointegratedwith
machinelearningmethodsandcanbeeithersupervisedorunsupervised.Theaimofthesefeature
selectiontechniquesistocomputeaweightfunctionforeachfeatureofthemedicaldataset.The
weightfunctionisusedtodeterminetherelevantfeaturesformdatasets.Someoffeatureselection
techniquestoimprovepredictiveaccuracyarelistedas.Aparticleswarmoptimization(PSO)and
ABCbasedfeatureselectionalgorithmtodeterminetheoptimalsetoffeaturesisreportedin(Lin&
Hsieh,2015).Todeterminetheoptimalsetoffeaturesforsupportvectormachine(SVM),Subanya
etal.(2014)appliedABCbasedfeaturereductionalgorithmonheartdataset.AkayappliedF-score
techniquetodetermineoptimalsetoffeaturesforbreastcancerdataset(Akay,2009).Inbaraniet
al.(2014)adoptedroughsetbasedapproachtoremoveredundantfeaturesfrommedicaldatasets.
Further,thisapproachisintegratedwithPSOforimprovingtheclassificationaccuracy.Hence,feature
selectionisanimportantissueforbuildinganefficientandeffectivediagnosticmodel.Further,itis
alsolimitthenumberofinputfeaturesinthediagnosticmodelinordertoproducegoodpredictive
results(Akay,2009).Hence,inthiswork,anattemptismadetoselecttheoptimumfeaturesfordeep
neuralnetworkmodeltoimprovethediagnosticaccuracy.Toaddressthesame,ABCbasedfeature
selectionmethodisdesignedtodeterminetheoptimumsetoffeatures.Further,thisfeatureselection
methodisintegratedwithDNNtechnique.Finally,adiagnosticmodelisdevelopedusingABCbased
featureselectionmethodandDNNtechnique,calledABC-DNNdiagnosticmodel.Theperformance
ofproposedABC-DNNdiagnosticmodelisevaluatedusingPimaIndianDiabetesdiseasedataset.It
isnoticedthatproposedABC-DNNdiagnosticmodelprovidesbetterresultsthanDNNtechnique.
Themaincontributionsofthisstudyaresummarizedasfollows:

1. Todevelopanefficientandeffectivediagnosticmodelforimprovingthediagnosticaccuracyof
diabetesdisease.

2. ABCbasedfeatureselectionmethodisdesignedtoselecttherelevantfeatureforthediagnosis
ofdiabetesdisease.

3. DNNtechniqueisadoptedforthepredictionofdiabetesdiseaseusingreducedfeatureset.
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4. ThispaperexploretheimpactofDNNtechniqueontheaccuracyissueofdiabetesdiseaseusing
featureselectionandnotusingthefeatureselectiontechnique.Thispaperalsoinvestigatesthe
impactoffeatureselectiontechniqueonadiagnosticmodeleithertheperformanceofdiagnostic
modelisimprovedornotimproved.Hence,thispaperalsodescribedtheroleoffeatureselection
techniqueinthefieldofhealthcare.

Restofpaperisorganizedasfollows.Section2discussesworksreportedondiseasediagnosis
and prediction using machine learning approaches. Section 3 presents the proposed ABC-DNN
basedDiagnosticsystemfordiabetesdisease.ExperimentalresultsofproposedABC-DNNsystem
arepresentedinsection4.Section5concludestheentirework.

2. RELATED woRKS

Thissectiondescribestherecentworksreportedondiseasediagnosisandpredictionusingmachine
learningapproaches.

Linetal.(2019)developedaclinicaldiagnosticscoresystemforthepredictionofcoronaryartery
spasminpatients.Inthissystem,multivariableanalysisisperformedtoidentifythepatientswith
coronarydisease.Theperformanceoftheproposedsystemisevaluateusingninehundredseventy-six
patients.Itisnoticedthatproposeddiagnosticscoresystemachievesninety-sixpercentaccuracyrate.

Anensemblelearningframeworkisdesignedtodiagnosisthethromboembolism(Sabraetal.,
2020).Theproposedframeworkconsistsofvenousthromboembolism(VTE)ontology,semantic
extraction,sentimentassessmentandanensembleclassifier.Theensembleclassifieristhecombination
ofthemulti-layerperceptronneuralnetwork(MLPNN)andSVM.Theperformanceofproposed
framework is investigatedonclinicaldataof twohundred fiftypatients. It is seen thatproposed
ensembleframeworkobtainshigherF-measurerateascomparedtootherclassifiers.

AhmedandAcharjyaadoptedcuckoosearchandroughsettheorytodesignahybridapproach
fortheaccuratepredictionofheartdisease(Acharjya,2020).Thecuckoosearchtechniqueisused
todeterminethemainfeaturesofheartdisease.Whereas,roughtheoryisappliedtodevelopthe
inferenceruleforheartdiseaseprediction.Theperformanceofproposedhybridapproachistested
onsixhundredthreepatients.Itisobservedthatproposedapproachdevelopsfifty-threeruleforthe
predictionofheartdiseaseandprovidesstateofartpredictionresults.

Abdaretal.(2019)presentedahybridmachinelearningtechniquei.e.N2Geneticoptimizerfor
accuratepredictionofcoronaryarterydisease.ItisseenthatN2Geneticoptimiserisusedastraining
techniqueforSVMtechnique,calledN2Genetic-nuSVM.Thewell-knownZ-AlizadehSanidataset
isconsideredtoevaluatetheperformanceoftheaforesaidtechnique.Authorsclaimedthatproposed
N2Genetic-nuSVMtechniqueachieves93.08%accuracyrate.

NarayanandSathiyamoorthydevelopedarecommendersystemforpredictionandidentifying
theheart disease (Narayan&Sathiyamoorthy, 2019).Theproposed recommender system is the
combinationoftheFouriertransformationandmachinelearningtechnique.Inthiswork,threemachine
learning technique is used for prediction of heart disease. These techniques are artificial neural
network(ANN),naïvebayes(NB)andSVM.Theperformanceoftheproposedrecommendersystem
isevaluatedusingrealtimedataset.Theexperimentalresultsshowedthatproposedrecommender
systemismorecapabletopredictandidentifytheheartdiseaseascomparedtoexistingones.

Bucholcetal.(2019)designedacomputerizeddecisionsupportsystemforpredictingtheaccuracy
oftheAlzheimer’sdisease.Theproposeddecisionsupportsystemconsistsofsixmachinelearning
techniques.ThesemachinelearningtechniquesareKernelRidgeRegression(KRR),SupportVector
Regression,andk-NearestNeighborforregressionandSVM,RandomForest(RF),andk-Nearest
Neighbor(k-NN).ItisobservedthatKKRandSVMprovidebetterclassificationrate.

Anensembleneuro fuzzy technique is employed fordiagnosisofhepatitisdisease (Nilashi,
Ahmadi,Shahmoradietal,2019).Theproposedensemblemethodworksinthreesteps.Infirststep,
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Non-linearIterativePartialLeastSquaresmethodisappliedfordimensionreduction.Insecondstep,
self-organizemapmethodisusedforclusteringtask.Inthirdstep,neurrofuzzyinferencesystem
isusedforpredictingthehepatitisdisease.Authorsclaimedthatproposedensembleneurofuzzy
techniqueprovidessuperiorresults thanNeuralNetwork,adaptiveneuralfuzzyinferencesystem
(ANFIS),k-NNandSVMtechniques.

Zhaoetal.(2019)developedanintegratedmodelbasedonthelogisticregression(LR)andSVM
forthedetectionofcolorectalcancer.Intheproposedmodel,LRmethodisappliedtocapturethe
morerelevantfeaturesofcolorectalcancer.Whereas,SVMwithdifferentkernelfunctionssuchas
linear,sigmoid,radialbasisandpolynomialareadoptedforthedetectionofcolorectalcancer.Itis
observedthatSVMwithradialbasisfunctionobtainshigheraccuracyrateascomparedtorestofthese.

Nilashietal.(2019)designedamedicaldecisionsupportsystemformonitoringanddiagnosis
of real time Parkinson’s disease patients. The proposed medical decision support system is the
combination of dimension reduction technique and ensemble learning method. In the proposed
system,singularvaluedecompositiontechniqueisimplementedasdimensionreductiontechnique.
Whereas,adaptiveneuro-fuzzyinferencesystemisadoptedforthediagnosisofParkinson’sdisease
patients.Theexperimentalresultsshowedthatproposedsystemiseffectivelyusedtodiagnosisand
monitoringofParkinson’sdiseasepatients.

Alietal(2019)developedanautomateddiagnosticsystembasedonthestatisticalmethodand
deepneuralnetworkforpredictionofheartdisease.Thestatisticalmethodisusedtoeliminatethe
irrelevantfeaturesofheartdiseasedatasetwhereas,deepneuralnetworkisconfiguredfortheprediction
ofheartdisease.TheperformanceofautomateddiagnosticsystemiscomparedwithANNandDNN
models.ItisstatedthatproposeddiagnosticmodelobtainssuperiorresultsthanANNandDNNmodels.

Anintelligentriskpredictionsystembasedonfuzzytemporalrulesispresentedfordetectionof
breastcancer(Kanimozhietal.,2019).Theproposedpredictionsystememploysthefuzzyrulebased
classificationfordetectionofbreastcancer.Sometemporalconstraintsarealsoimposedinthissystem.
Itisobservedthatproposedriskpredictionsystemcomputesmoreaccurateriskforbreastcancer.

GokulnathandShantharajahpresentedahybridtechniquebasedongeneticalgorithm(GA)and
SVMforthepredictionofheartdisease,calledGA-SVM(Gokulnath&Shantharajah,2019).Inthis
technique,geneticalgorithmisusedtoselectthemorerelevantfeaturesofheartdisease.Whereas,
SVMisimplementedforpredictionofheartdisease.Clevelandheartdiseasedatasetisusedtoevaluate
theperformanceoftheGA-SVMtechnique.Itisobservedthatproposedtechniqueprovidesmore
accurateresultsascomparedtorestoftechniques.

Kirketal.(2017)developedadecisionmakingsystemcalledDEAR(Detect,Evaluate,Assess
and Recommend action). The basic aim of this proposed system is to detect the change in the
environment, toprovide the riskassessmentandgives real-timerecommendations tocontrol the
outbreakofmosquitodiseases.

Devarajanetal.(2019)implementedahealthcaresystemforthetreatmentoftheParkinson’s
disease.Theproposedmodelanalyzedthevoicesamplesofthepatientstorecommendtheproper
treatment.Fogcomputingisusedasmiddlelayerbetweenthecloudserverandenduserintheproposed
system.FurthertheFuzzyK-nearestNeighborclassifier(FKNC)andCase-basedReasoningclassifier
(CBRC) isutilized toclassify thenon-ParkinsonpatientsandParkinsonpatients.Theproposed
systemalsogeneratedanimmediatealertinthecaseofabnormality.Theproposedsystemistested
onParkinsondatasetusingAccuracy,F-measure,Sensitivity,SpecificityandPrecisionparameter.
Theexperimentalresultsshowedthattheperformanceofproposedsystemisbetterthanexisting
healthcaresystems.

Pekerpresentedadecisionsupportsystemforimprovingtheaccuracyofmedicaldiagnosis(Peker,
2016).Inthiswork,anewattributeselectionmethodbasedofk-medoidsclusteringisappliedfor
attributeweighting.Inclassificationphase,SVMmethodisappliedfordiagnosisofmedicaldata.
TheeffectivenessofproposedDSSistestedonthreemedicaldatasetsi.e.Patkinson’sDisease,Heart
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DiseaseandLiverDisorder.Itisstatedthatcombinationofk-medoidsandSVMapproachoutperforms
thanreportedmethodsinliterature.

Hudaetal.(2016)developedahybridensemblemethodforimbalancemedicaldataespecially
for brain tumor diagnosis. The hybrid ensemble method is the combination of feature selection
techniqueandensembleclassificationapproach.ANNwithinputgainmeasurementapproximation
isappliedforselectingbetterattributestoimprovetheaccuracyofensembleclassificationmethod.
Inclassificationstage,decisiontreebasedbootstrapmethodisappliedtoclassifytheimbalancedata.
Authorsclaimedthatproposedhybridensemblemethodachieveshigheraccuracyrateincomparison
tootherpopularmachinelearningalgorithms.

AlickovicandSubasidesignedahybridclassificationalgorithmbasedongeneticalgorithmand
rotationforestforbreastcancerdiagnosis(Aličković&Subasi,2017).Thisalgorithmworksintwo
stages.Infirststage,geneticalgorithmisappliedtodeterminerelevantsetoffeatures.Insecond
stage,rotationforestalgorithmisadoptedfordiagnosisofbreastcancer.Twowell-knownbreast
cancerdatasetsareconsideredtoevaluatetheeffectivenessofproposedalgorithm.Itisnoticedthat
proposedalgorithmobtains99%accuracyrate.

ArulebaseclassificationmodelispresentedtopredicttheParkinson’sdisease(Kumar&Sahoo,
2013).SeveralrulesaredesignedforaccuratepredictionofParkinson’sdisease.Authorsclaimed
thattheproposedrilebasedclassificationmodelachievesmorethanninety-eightpercentaccuracy
rateascomparedtoNB,SVMandLRtechniques.

Apersonalhealthrecordbasedsystemisdevelopedformonitoringofdiabetesdiseaseusing
mobileenvironment(Kumaretal.,2019).Theobjectiveoftheproposedsystemistoimprovethelife
styleofpatientsandalsoovercometheprobabilityofchronicdiabetesdisease.Inthiswork,agraphical
userinterface(GUI)basedapplicationisalsodevelopedtotrackthestatusofdiabeticpatients.

Forearlydetectionofthedenguedisease,Gambhiretal.(2018)evaluatedtheperformanceof
threewell-knownmachinelearningclassifiers.TheseapproachesareANN,decisiontree(DT)and
NBtechniques.ItisnoticedthatANNtechniquesobtainsbetterresultsthanDTandNBinterms
ofaccuracy,sensitivityandspecificity.Incontinuationoftheirwork,PSO-ANNbaseddiagnostic
modelisalsodevelopedforearlydetectionofdenguedisease(Gambhiretal.,2017).Intheproposed
diagnosticmodel,PSOtechniqueisappliedtooptimizetheweightfunctionofANNmethod.

Ahomehealthmonitoringsystemisdesignedforearlydetectionofdiabetesdisease(Chatrati
et al., 2020).Theproposedmonitoring system is combinationof thedecisionmaking technique
andmachinelearningapproaches.Authorsclaimedthatproposedmonitoringsystemiscapableto
segregatethediabetespatientseffectivelyandalsosendrealtimealertmessagestodiabetespatients.

Topredictthediabetesmellitus,devietal.(2020)appliedfarthestfirstclusteringalgorithmand
sequentialminimaloptimizationclassifier.Inthiswork,farthestfirstclusteringalgorithmisapplied
togroupthedatainonecluster.While,sequentialminimaloptimizationisadoptedtodiagnosethe
diabetesmellitus.Itisreportedthatproposedintegratedapproachprovidesbetterresultsascompared
toexistingapproaches.

Acomparativestudyofdifferentmachinelearningtechniquesadoptedforheartdiseaseprediction
is reported in (Srivastavaet al.,2018).Authorsdiscussprosandconsofeachmachine learning
techniqueinbrief.Srivastavaetal. (2020)designedarulebasedmonitoringsystemforaccurate
predictionofdiabetesdisease.Theproposedsystemconsistsofvariousrulesfortheidentification
ofdiabetesdisease.Theserulesarederivedusingclinicalandnon-clinicalsymptomsofdiabetes
diseaseandapanelofdoctorscertifiestheserules.Theproposedmonitoringsystemachieves90.4%
accuracyrate.

2.1 Technical Gap
Throughtheextensiveliteraturesurvey,itisnoticedthatlargenumberofmachinelearningtechniques
havebeenreportedfordiseasediagnosisandprediction.ItalsonotedthatANN,SVM,NBandDT
arewidelyadoptedfordiagnosistask.But,itisstatedthatoptimizationofANNandSVMisnotan
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easytask.Variousoptimizationtechniquesarestudiedtooptimizetheweightandbiasfunctionsof
ANNandSVMtechniques.Theoptimizationofweightandbiasfunctionsimprovesthediagnostic
rate.Moreover, it isalsonoticedthatperformanceofclassifieralsodependsonthefeaturesofa
dataset.Variousstudiesshowedthatallfeaturesofadatasetarenotequallyimportant.Theselection
ofrelevantfeatureshassignificantimpactontheperformanceofclassifiers.Irrelevantfeaturescan
degradetheperformanceofclassifiers.Henceinthiswork,ABCbasedfeatureselectionmethodis
appliedtodetermineoptimalsetoffeatures.Further,theconceptofdeepneuralnetwork(DNN)is
implementeddiagnostictask.DNNissignificantlydifferentfromANNandgivesbetterdiagnostic
rateascomparedANN.

3. PRoPoSED ABC-DNN BASED DIAGNoSTIC MoDEL

ThissectiondescribestheABC-DNNbaseddiagnosticmodelfordiagnosisandpredictionofdiabetes
disease. The proposed diagnostic model is the combination of the ABC based feature selection
methodandDNNtechnique.Thesubsection3.1describesthedetailsofABCbasedfeatureselection
algorithmwhichisusedtocomputethemorerelevantfeaturesofdiabetesdisease.Subsection3.2
describestheDNNtechniquewhichisusedasclassifierintheproposeddiagnosticsystem.Figure1
illustratestheblockdiagramofproposedABC-DNNbaseddiagnosticmodel.

3.1 ABC Based Feature Selection (FS) Algorithm
This subsection describes a feature selection algorithm based on artificial bee colony (ABC).
Theaimof thefeatureselectionalgorithmis todeterminethemorerelevantfeaturesofdiabetes
disease.Thefeatureselectionalgorithmcanbeeithersupervisedorunsupervisedinnature.This
workconsiderstheunsupervisedABCfeaturesectionalgorithmfordeterminetherelevantfeatures.
ABCisastochasticoptimizationmethodinspiredthroughhoneybeeswhichisusedtooptimize
numericalfunctionproblems(Karaboga,2005).Thisalgorithmiswidelyadoptedforsolvingvariety
ofoptimizationproblemsuchasclustering,functionoptimization,constrainedandunconstrained
optimizationproblems(Caoetal.,2019;Dedeturk&Akay,2020;Lietal.,2019;Sahoo,2017).
ABCalgorithmconsistsofthreetypesofbeessuchasemployedbees,onlookerbeesandscoutbee.
InABC,employedbeesisequaltonumberofonlookerbeesandthereisasinglescoutbeeinbee
colony.Theworksofthesebeesaredescribedasemployedbeesareresponsibletodeterminethe
locationoffoodsources,andfurther,collectstheinformationregardingfoodsourcesandhandover
thisinformationtoonlookerbees.Themainconcernoftheonlookerbeesistoevaluatethequality
offoodsourcesdiscoveredthroughemployedbees.Thesebeesarealsoexploredthenewfoodsource
location, ifpreviouslydiscoveredfoodsourcequality isnotgood.Scoutbeegeneratesnewfood
sourcelocation,ifpreviouslygeneratedfoodsourceisabandoned.InABCalgorithm,employedand
onlookerbeesperformtheexploitationprocesswhereastheexplorationisperformedbythescoutbee.
3TheproposedABCbasedfeatureselectionalgorithmconsistsoffourphases-initializationphase,
employedbeesphase,onlookerbeesphase,abandonedfoodsourceorscoutbeephase.Thedetailed
stepsofABCfeatureselectionalgorithmaregiveninAlgorithm1.TheflowchartoftheABCbased
featureselectionalgorithmispresentedinFigure2.

3.2 Deep Neural Network (DNN)
DNNcanbecharacterizedasaneuralnetworkwithfinitelevelofcomplexity.Itconsistsofcomplicate
mathematicalmodelforprocessingoftheinformationandcontainsmultiplelayer(Alietal.,2019).
DNNintegratesbothoffeatureselectionandclassificationtaskitselftobuildgooddecisionmaking.
DNNobtainsgoodattentionfromtheresearchcommunityinrecenttime.DNNcanbedescribedas
aninputlayer(I)forinput,hiddenlayer(L)forprocessingandanoutputlayer(O)forfinaloutcome.
DNNisdevelopedinpythonprogramminglanguageusingtf.contrib.learn.DNNClassifierlibrary
fromGoogle.DNNhavingadvantageoverconventionalneuralnetworkbecauseitisdesignedusing
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thewidesetoftrialsandeverytrialmodifiesnumberofhiddenlayers,activationfunction,learning
stepsandnumberofneuronsofDNNconfiguration.TheaccuracyofDNNisvalidatedusingthe
testsetineverymanualconfiguration.Inthiswork,rectifiedlinearunitactivationfunctionisused
togenerateallneuronlayersforDNNclassifier.TheDNNclassifiersisdescribedthrougheq.7and
further,thisequationisalsodefinedtheactivationfunction:

F x x x( ) = = ( )′ max ,0  (7)

Inabovementionedequation,xdenotesaninputtoaneuron,alsocalledrampfunction.Moreover,
theactivationfunctionisassociatedwithsmoothapproximationwhichisgivenineq.8:

F x x( ) = + ( )



ln exp1  (8)

Figure 1. Block Diagram of the Proposed ABC-DNN based Diagnostic Model
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Algorithm 1. ABC based Feature Selection Algorithm

/* Initialization Phase */

Step1: Initializeuserdefinedparametersoftheproposedalgorithmsuchfoodsources,limit,maximumcyclenumber,colonysizeandupper
bounce.
Fori=1:K\*Kisthetotalnumberoffoodsources*/
Initializethefoodsourcewithintheboundaryofgivendatasetinrandomorder.
Sendtheemployedbeestothefoodsource.
EndFor
Iteration=0

Step2: While(Stoppingconditionisnotmet)

/* Start Employed Bees Phase*/

Step3: Fori=1:K/*irepresentstheithemployedbeeandKrepresentstotalnumberoffoodsources*/
Discoverthepositionofnewfoodsourceintheneighbouringofoldfoodsourceusingeq.1.

V X X X
i j i j i j i j k j, , , , ,
= +∅ −( ) (1)

Computethefitnessofthenewgeneratedfoodsourceusingeq.2.

fit
fi
i

=
+
1

1
(2)

Agreedyselectionismadebetweentheoldandnewfoodsourcepositionsandkeepthebestone
EndFor

Step4: Calculatetheprobabilityvaluesforeachfoodsource.
Fori=1:K
Computetheprobabilityvalueassociatedwitheachfoodsourceusingeq.3.

P
fit

fit
i

i

i

SN

i

=

=∑ 1

(3)

EndFor

/* Start the Onlooker Bees Phase*/

Step5: Fori=1:K/*irepresentstheithonlookerbeeandKrepresentstotalnumberoffoodsources*/
If(rand()<Pi)/*Pidenotesprobabilityofithfoodsource*/
Sendtheonlookerbeetoexploitnewfoodsourceintheneighbouringofoldpositionusingeq.4.

V X X X Y X
i j i j i j i j k j i j j k j, , , , , , ,
= +∅ −( )+ −( )ϕ (4)

Computethefitnessofthenewfoodsourceusingequation3.
Agreedyselectionismadebetweentheoldandnewfoodsourceandkeepthebestone.
Else
i=i+1
EndIf
EndFor

/* Scout Bee Phase*/

Step6: If(thefoodsourceisnotupgradedfurtherusinglimit)
Sendascoutbeetogeneratethenewpositionoffoodsourceusingeq.5.

X X rand X X
new best best curr
= + 



 −( )0 1, (5)

EndIf

Step7: Memorizethebestsolutionachievedsofar.
Iteration=iteration+1
EndWhile
Obtainthefinaloptimizedclustercentres.

Step8: Computetheweightofeachfeatureusingequation6.

f
X

C di
i

d

j

h

k

k
ih

ik

=











×

= = =
∑∑∑
1 1 1

1
(6)

Step9: Selectthefeatureswithmaximumvalue.
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Inpredictiontask,thenewrepresentationofinputlayerisillustratedthroughhiddenlayersand
canbedefinedusingeq.9:

x m w x b
t t t t+ = +



1
 (9)

x
t+1 denotesthe(t+1)thhiddenlayer,w

t
denotestheweightofithhiddenlayer,b

t
denotesthe

biasofithhiddenlayerandmdenotesactivationfunction.

Figure 2. Flow chart of the ABC based feature selection algorithm
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4. EXPERIMENTAL RESULTS AND DISCUSSIoN

ThissectiondemonstratesthesimulationresultsofproposedABC-DNNbaseddiagnosticmodel.
TheperformanceofproposedmodelisevaluatedusingPimaindiandiabetesdataset.Furthermore,
10crossfoldand50-50percenttrainingandtestingmethodisusedtovalidatetheperformanceof
diagnosticmodel.Thesimulationresultsofproposedsystemaredescribedintermsofaverageofthe
tenindependentrun.TheparameterstuningoftheDNNmethodaretakensameasreportedin(Ali
etal.,2019).Atotalsevenhundredsixty-eightpatient’sdataarecollectedfortheaccuratediagnosis
ofdiabetesdisease.Thepredictionaccuracyoftheproposedmodelisdescribedthroughaccuracy,
sensitivity,specificity,kappa,AUCandf-measureparameters.Theseparametersarecomputedusing
equations10-13:

Accuracy
TP TN

TP FP TN FN
=

+
+ + +

×100  (10)

Sensitivity
TP

TP FN
=

+
×100  (11)

Specificity
TN

FP TN
=

+
×100  (12)

F Measure
Precision Recall

Precision Recall
− =

× ×
+

2  (13)

Table1illustratesthesimulationresultsofproposedABC-DNNdiagnosticmodelandDNN
technique.Thesimulationresultsareevaluatedusing10-crossfoldand50-50%trainingandtesting
techniques.Itisobservedthatproposeddiagnosticmodelobtains94.74%accuracyrateusing10-fold
method.Where,theaccuracyrateusingallfeaturesi.e.DNNtechniqueis82.67%.Hence,itisstated
thatproposedABCbasedfeatureselectionmethodimprovestheaccuracyrateofDNNtechnique.On
theanalysisof50-50%training-testingtechnique,itisalsoseenthatproposedABC-DNNdiagnostic
modelachieveshigheraccuracyrateascomparedtoDNNtechnique.ItisobservedthatABCbased
featureselectionmethodimprovestheaccuracyrateofDNNuptotwelvepercent.Itisalsostated
thatproposeddiagnosticmodelachieveshighersensitivity,specificity,f-measure,kappaandAUC
rateascomparedtoDNNtechnique.Furthermore,itisnotedthatkappastatisticsissignificantly
improvedusingABC-DNNtechnique.Itisalsorevealedthatthereissignificantdifferencebetween
theperformancesof10foldand50-50%techniquesintermsofABC-DNNmodel.

TheexperimentalresultsofproposedABC-DNNbaseddiagnosticmodelisalsocomparedwith
existingdiabetespredictionmodelandseveralmachinelearningapproaches.Table2presentsthe
experimentalresultsofproposeddiagnosticmodelandotherexistingdiabetesmodelsusingaccuracy
parameter.ItisrevealedthatABC-DNNmodelobtainshigheraccuracyrateascomparedtorestof
existingstudies.Hence,itisstatedthatproposedABC-DNNbaseddiagnosticmodelisoneofthe
efficientandeffectivemethodforcomputer-aideddiagnosticsystem.Thismodelalsoimprovesthe
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accuracyrateofdiabetesdisease.Further,itisnoticedthatproposeddiagnosticmodelobtainshigher
accuracyarteusing10-foldtechniqueratherthan50-50%training-testingtechnique.

Figure3(a)illustratesthedatainstancesofdiabetesdatasetusingage,pedigreefunctionandBMI
features.While,figure3(b)denotesthepredictionofdiabetesdatasetintwoclassesi.e.Diabetesand
Non-Diabetes.Thepredictionofdiabetesandnon-diabetespatientsisdonethroughtheproposedABC-
DNNbaseddiagnosticmodel.Figures4-5demonstratetheexperimentalresultsoftheABC-DNN
baseddiagnosticmodelandDNNtechniqueusing10-foldmethod.Figure4showstheexperimental
resultsofABC-DNNmodelandDNNtechniqueusingaccuracy,sensitivityandspecificityparameters.
Whereas,Figure5depictsthesimulationresultsusingkappa,AUCandF-measureparameters.It
isseenthatproposedABC-DNNbasedmodelachievesbetterqualityresultsthanDNNtechnique.
Figures6-7showtheexperimentalresultofABC-DNNmodelandDNNtechniqueusing50-50%
training-testingmethod.ItisnoticedthatintegrationofABCbasedfeatureselectionmethodimproves
theperformanceofDNNsignificantly.Hence,itisstatedthatABC-DNNbaseddiagnosticmodel
outperformsthanDNNtechnique.

5. CoNCLUSIoN

ThispaperpresentsanABC-DNNbaseddiagnosticmodelforthediagnosisandpredictionofdiabetes
disease. The proposed diagnostic model is designed using ABC based feature selection method
and deep neural network technique. In proposed model, ABC based feature selection method is
usedtodeterminetherelevantfeaturesofdiabetesdisease.Further,theDNNtechniqueisadopted
fordiagnosisandpredictionofdiabetesdisease.Theperformanceofproposeddiagnosticmodelis
evaluatedusingPimaIndianDiabetesdataset.Thedifferentperformancemeasureslikeaccuracy,
sensitivity, specificity,AUC,F-measure andKappaare considered to assess theperformanceof
ABC-DNNbaseddiagnosticmodel.Furthermore,experimentalresultsareevaluatedusing10-fold
and 50-50% training-testing techniques. It is observed that ABC-DNN based diagnostic model
providesbetter results thanDNNmethod.Theexperimental resultsofABC-DNNmodel isalso
comparedwiththirty-oneexistingdiabetesstudies.Italsorevealedthatproposeddiagnosticmodel
achieveshigheraccuracyratethanexistingstudies.Furthermore,itisnoticedthat10-foldmethodis
moresuitablethan50-50%training-testingmethod.Hence,itisconcludedthatproposedABC-DNN

Table 1. Simulation results of DNN and ABC-DNN on diabetes dataset

Features Parameters 10 Cross Fold 50-50% Training and Test

UsingAllFeatures
(DNN)

ACC 82.67±4.53 81.06±4.87

Sensitivity 88.93±5.14 87.41±4.74

Specificity 78.58±6.13 74.59±5.81

f-measure 78.12 75.67

Kappa 71.23 68.43

AUC 81.42 79.08

UsingAttribute
Weighting(ABC-
DNN)

ACC 94.74±2.56 91.61±3.46

Sensitivity 95.52±4.18 93.16±3.94

Specificity 92.06±2.35 90.04±4.23

f-measure 89.31 85.94

Kappa 91.28 87.56

AUC 92.36 88.27
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Table 2. Performance comparison of proposed KhmAW-SVM method and previous studies reported in literature on PIMA indian 
diabetes dataset

Sr. No. Study Algorithm Accuracy (%)

1 DengandKasabov(2003) ESOM 78.4

2 Polatetal.(2008) LS-SVM, 78.21

3 Temurtasetal.(2009) MLNNwithLM 79.62

4 KayaerandYıldırım(2003) GRNN 80.21

5 CarpenterandMarkuzon
(1998) ARTMAP-IC 81

6 Temurtasetal.(2009) MLNNwithLM 82.37

7 Dogantekinetal.(2010) LDA-ANFIS 84.61

8 Bozkurtetal.(2014) DTDN 76

9 Yilmazetal.(2014) ModifiedK-MeansClustering 93.71

10 Zhuetal.(2015) MultipleFactorsWeightedCombination 91

11 Dogantekinetal.(2010) Variousmethods 59.5and77.7

12 Ramezanietal.(2018) LANFIS 88.05

13 OrkcuandBal(2011) Real-codedGeneticAlgorithm 77.6

14 Luukka(2007) SimilarityClassifier+FeatureExtraction 75.97

15 Isaetal.(2011) Clustered-HybridMLP 80.59

16 OzciftandGulten(2013) RotationForestEnsembleClassifier 74.47

17 Aslametal.(2014) GeneticProgramming+K-Nearest
Neighbour 80.5

18 SeeraandLim(2014) FuzzyMax-MinNN-CARTRandom
Forest 78.39

19 Belleetal.(2015) RadialBasisFunctionClassifier 76.7

20 Wangetal.(2015) ImprovedElectromagnetismlike
Mechanism 77.21

21 Seeraetal.(2015) HybridFuzzyARTMAP-CARTmodel 87.64

22 Zhuetal.(2015) MultipleFactorsWeightedCombination 93

23 Dingetal.(2015) ExtremeLearningMachine 77.63

24 Mohapatraetal.(2015) ImprovedCuckooSearchbasedELM 78.5

25 Fengetal.(2015) VariableCodedHierarchicalFuzzy
Classification 79.17

26 Luukka(2011) SimilarityClassifierusingPCAand
Entropy 75.82

27 PolatandGunes(2007a) Fuzzy-Artificialimmunerecognition
system 84.42

28 PolatandGunes(2007b) PCA+ANFIS 89.47

29 GhazaviandLiao(2008) FuzzyModellingwithSelectedFeatures 77.65

30 Polatetal.(2008) GeneralizeddiscriminantanalysisLeast
squareSVM 82.05

31 KahramanliandAllahverdi
(2006) ANN+FNN 84.24

32 Our Study ABC-DNN (50-50 training and test set) 91.61

33 Our Study ABC-DNN (10 cross fold) 94.74
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Figure 3. (a) Illustrate the distribution of Pima Indian Diabetes Disease data, while (b) Shows diabetes prediction using ABC-DNN 
method

Figure 4. Simulation results of DNN and proposed ABC-DNN based diagnostic model using accuracy, sensitivity and specificity 
parameters (10-fold method)
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baseddiagnosticmodelisaneffectiveandefficientdiagnosticmodelfordiagnosisandpredictionof
diabetesdisease.Infuture,DNNmethodwillbeappliedfortheaccuratediagnosisofdifferentdiseases
likeParkinsons,liverdisease,heartdiseaseetc.Further,theweightfunctionofDNNmethodwill
optimizeusingmeta-heuristictechniques.Thedifferentfeatureselectiontechniquewillbeadopted
fortheselectionofrelevantfeatures.

Figure 5. Simulation results of DNN and proposed ABC-DNN based diagnostic model using F-measure, Kappa and AUC (10-fold 
technique)

Figure 6. Simulation results of DNN and proposed ABC-DNN based diagnostic model using accuracy, sensitivity and specificity 
parameters (50-50% training-testing method)
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Figure 7. Simulation results of DNN and proposed ABC-DNN based diagnostic model using F-measure, Kappa and AUC (50-50% 
training-testing method)
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