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ABSTRACT

Artificial neural networks (ANN) are widely used for classification, and the training algorithm
commonly used is the backpropagation (BP) algorithm. The major bottleneck faced in the
backpropagationneuralnetworktrainingisinfixingtheappropriatevaluesfornetworkparameters.
Thenetworkparameters are initialweights,biases, activation function,numberofhidden layers
andthenumberofneuronsperhiddenlayer,numberof trainingepochs, learningrate,minimum
error,andmomentumtermfortheclassificationtask.Theobjectiveofthisworkistoinvestigatethe
performanceof12differentBPalgorithmswiththeimpactofvariationsinnetworkparametervalues
fortheneuralnetworktraining.Thealgorithmswereevaluatedwithdifferenttrainingandtesting
samples taken from the three benchmark clinical datasets, namely, Pima Indian Diabetes (PID),
Hepatitis,andWisconsinBreastCancer(WBC)datasetobtainedfromtheUniversityofCalifornia
Irvine(UCI)machinelearningrepository.
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INTRODUCTION

Researchersaimtobuildacomputingsystemthatwilloperateintelligentlylikeahumanbrain.The
ArtificialNeuralNetwork (ANN) facilitates the informationprocessing in an intelligentmanner
(Akinyokun,2002;Bezdek,1993),andisinspiredbythebiologicalneuralsystem.Abiologicalnervous
systemisalargeinterconnectionofneuronslocatedwithinthebrain.Thefunctionalequivalentof
anartificialneuronisknownascomputationalneuronoranode(Eluyode,Akomolafe&MNCS,
2013).Theseneuronsarestructuredhierarchicallybylayersandinterconnectedbetweenthemlikethe
biologicalnervoussystems.Artificialneuralnetworkdeterminestherateofadjustmentrequiredfor
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internalnetworkparameters.Thisadjustmentisknownaslearningortrainingthenetwork.Theneuron
functionsaredescribedbytheactivationfunction.Activationfunctionsareusedinthehiddenandthe
outputlayer.Hiddenlayerimplementsthenon-linearactivationfunction,whereastheoutputlayer
implementsthelinearactivationfunction.Linearactivationfunctionusedinneuralnetworktraining
ispurelinandthenon-linearactivationfunctionsarehardlim,sigmoidandlogistic(Sharma,2014).

Parametersofbothbiological andArtificialNeuralNetworks are structures, layers, number
ofneurons,thefunctionalcapabilitiesofneurons,theirlearningcapabilities,processingelements,
connections,strength,processingspeed,styleofcomputation,informationstorage,signaltransduction,
informationtransmissioncommunicationmediaselectionandfaulttolerance.Majordifficultyfaced
incorrelatingartificialneuralnetworkswithbiologicalneuralnetworksareadjustingweightsand
synapticstrengths.Weightsarealteredmathematically inanANN,basedondifferences inerror
values. Synaptic strengths are modified in response to synaptic activity. A simple feed-forward
systembehavessimilartobiologicalneuronsandtheyareusedforpatternrecognition.Onceinput
valuesaregiventotheinputlayer,neuroncomputestheoutput,layerbylayer.Thedependenceof
outputvaluesandinputvaluesrequireadjustingeveryweight,andthreshold,whichcanbecomplex
andtimeconsuming.Aftertrainingiscomplete,thenetworkisabletogivereasonableoutputsfor
anytypeofinput,evenifthetestdatadoesnotmatchwiththetrainingdata.Thisisreferredtoasthe
generalizationcapabilityofthenetwork.Inthatcase,theANNattemptstodeterminethebestoutput
dependingonitstrainingmethod.

Basedonthestructure,ANNisdividedintotwotypes,namely,singlelayerneuralnetworkand
multilayerneuralnetwork.Singlelayerneuralnetworkisusedforlinearlyseparableproblems,whereas
themultilayerneuralnetworkisusedforlinearlynonseparableproblems.Onemajordrawbackofa
singlelayernetworkisthatitcanpredicttheoutput,whichissimilartotheinputpattern.Formany
practicalproblems,verysimilarinputpatternsmayhaveverydifferentoutputrequirements(FFNN,
2010).Toovercometheabovelimitationmultilayerneuralnetworkhasbeendevelopedwithoneor
morehiddenlayers,calledmulti-layerperceptron(MLP)networks.HiddenlayerintheMLPisused
todealwithnonlinearrelationshipsbetweeninputfeaturesandtheoutputlayerisusedtoobtainthe
predictedoutput.ThisMLPcanbeusedtosolvemanyrealworldproblemslikepredictingthefuture
trendsbasedonthehistoricaldata(Kosko,1994.).ANNhavebeenimplementedinmanyscience
andengineeringfieldssuchas,decisionmakingandcontrol,biologicalmodeling,healthcareand
medicine,marketing,engineeringandmanufacturingforclassification task (Krasnopolsky&De
́ricChevallier,2003;Coppin,2004;Basheer&Hajmeer,20007;He,Wu&Gong,1992).

Inmachinelearning,Backpropagation(BP)isasupervisedlearningalgorithmfortrainingthe
ArtificialNeuralNetwork(ANN).MostoftheresearchersuseddifferentBPalgorithmstotrainANN
withoutknowingtheperformanceofdifferentBPalgorithmsandnetworkparameteradjustments.
Backpropagationtrainingalgorithmsreceivetheinputs,adjusttheweightsandproducetherequired
output.Thecommonlyusedsupervisedtrainingalgorithmisgradientdescentbackpropagationin
whichtheweightsarealteredbasedonthequadraticerrorfunction(Rumelhart,Hinton&Wiliams,
1986b).TheBPalgorithmisauniversalapproximator,whichcanapproximateanysmoothfunction
toanarbitrarydegreeofaccuracy,whenthenetworkparametersareoptimized.Hencethetraining
process needs the appropriate combination of network parameters to obtain higher accuracy in
classification.ANNisusuallydesignedforspecificapplicationssuchasdataclassification,pattern
recognition,optimization,timeseriesprediction,curvefitting,sensitivityanalysis,dynamicmodeling
andthecontrolofsystemsovertime(Rajasekaran&Pai,2003).

Thisworkprovidesthecomparativestudyanddiscussestheimpactofvariousnetworkparameter
combinationsusingtwelvedifferentbackpropagationtrainingalgorithms.Thedifferentcombination
ofnetworkparameterswastested.Foreachcombination, trainingwascarriedout tentimes,and
minimummeansquarederrorwasfoundout.TheperformanceofeachBPtrainednetworkisevaluated
basedontheaccuracy,convergencerateandMSE.Fromtheevaluationresults,themostappropriate
combinationofnetworkparametersandthebesttypeofBPalgorithmareidentified.
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Therestofthepaperisorganizedasfollows:Section2presentsanoverviewofrelatedresearch.
Section3providesnecessarybackgroundmaterialsandmethodsusedinthecomparativestudycarried
out.Theimplementationandcomparativeanalysisoftheresultsarediscussedinsection4.Section
5dealswithconclusionsandscopeforfuturework.

RELATED WORK

Relatedworkscarriedoutbyresearchersusingbackpropagationalgorithmfortrainingtheneural
networkisdiscussedbelow.

Rosenblatt(1958)developedahypotheticalnervoussystemcalledperceptron,thatansweredthe
questionsof“howtheinformationaboutphysicalworldissensed”,“inwhatform,theinformationis
remembered”and“howdoestheinformationretainedinmemoryinfluencerecognition”.Thiswork
providestherelationshipbetweenpsychologyandbiophysicsandpredictsthelearningcurvesfrom
neurologicalvariablesandviceversa.Rumelhart,Hinton&Wiliams(1986a)introducedamultilayer
feedforwardnetworkwithanerrorbackpropagationmethodto train thenetwork.Thealgorithm
backpropagatestheerrorrepeatedlybyadjustingtheweightsinthenetwork.Theweightadjustments
tothehiddennodesareindependentofinputandoutputfeatures.

Verma&Mulawka(1994)developedamodifiedBackpropagation(BP)algorithm,whichwas
basedonsolvingtheweightmatrixintheoutputlayerusingthetheoryofequationsandleastsquare
techniques.ThisovercomesthedrawbackoflongtrainingprocessintheBPalgorithm.Drago,Morando
&Ridella(1995)developedanadaptivemomentumBPalgorithmforachievingfastminimumsearch.
Inthiswork,thenetworkweightupdationruleischosentoacceleratethefasterconvergenceinthe
trainingprocessusingadaptivemomentumtermtoreducetheerrorfunction.Thisachieveshigh
convergencespeedandgeneralizationofthenetwork.

Bossan,Seixas,Caloba,Penha&Nadal(1995)developedamodifiedBPalgorithmforneural
classifiers.ThismethodreducedthetimetoachievethelowMeanSquaredError,byignoringpatterns
inthesparseregionsinverypopulatedregionsofthepatternspaceuntilalargenumberoftraining
epochsoccurred.Yu&Chen(1997)consideredefficientBPlearningusingdynamicallyoptimal
learningrateandmomentumfactor.Thisapproachusestheproductswithrespecttothemomentum
factorandlearningrate.Thelearningrateandmomentumtermwereadjustedusingconjugategradient
methodateachiterationtoreducethetrainingtime.Thisprovidesfasterconvergencetoachievethe
lowmeansquarederror.

Fukuoka,Matsuki,Minamitani&Ishida(1998)modifiedtheBPalgorithmtoavoidlocalminima.
Themodificationisdonebymultiplyingafactorwithintherangeof(0,1)ataconstantintervalof
eachconnectedweightinanetworkduringthetrainingprocess.Thismethodusessigmoidactivation
functionwhentheerrorrateishigh.Thisovercomestheproblemoflocalminima.Ng,Leung&
Luk(1999)developedthegeneralizedBPalgorithmwithconstantlearningrate.Thenetworkweights
inthegeneralizedBPalgorithmareapproximatedbyusingOrdinaryDifferentialEquation(ODE).
When the learningrate increasesfromzero, thegeneralizedbackpropagationalgorithmprovides
fasterconvergenceandovercomesthelocalminimaproblem.

Zweiri,Whidborne&Seneviratne (2003) introduceda third terminBPalgorithmforANN
training.TheexistingBPalgorithmusestwotermsfortrainingnamely,learningrateandmomentum
factor.Theauthorintroducedthethirdtermnamedasproportionalfactor,whichspeeduptheweight
updatingprocess.Thisovercomestheslowconvergenceandlocalminimaproblemoftheexisting
BPalgorithm.Zhang&Suganthan(2016)didasurveyontrainingneuralnetworksusingrandomized
algorithms.Thedrawbackof the existingneural network training algorithms is that it tunes the
parametersiteratively.Thissuffersfromlocalminimaandslowconvergence.Thistrainingapproach
usesrandomizationeithertochangethedatadistributionortochangenetworkconfiguration.

Christopher,Nehemiah&Kannan(2015)developedarulebasedclinicaldecisionsupportsystem
todiagnose thepresenceorabsenceofallergic rhinitis.Thedevelopedclinicaldecision support
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systemisbasedontheresultsofanintradermalskintest.Thisframeworkcomparestheefficiency
offivetraditionalclassificationapproachesnamely,k-nearestneighbourclassifier(KNN),Decision
treeclassifier(C4.5),Multi-layerperceptronclassifierSupportVectorMachineandNaïveBayes
classifier(NB).TherulebasedapproachpresentstheknowledgemodelinanIF-THENruleformat.
AsrulebasedClinicalDecisionSupportSystem(CDSS)providesbettercomprehensibilitythanother
classificationapproaches,physicianspreferthem.Theclinicaldecisionsupportsystemachievedan
accuracyof88.31%fordiagnosisofallergicrhinitis.Furthermore,theclinicaldecisionsupportsystem
canbeusedasanaidfordecisionsupportforjuniorcliniciansintheabsenceofallergyspecialist.

Nahato,Nehemiah&Kannan(2016)developedaclassifierwhichcombinesfuzzylogicand
ExtremeLearningMachine(ELM).TheclassifierwastestedwithUCImachinelearningrepository
datasetsnamely,ClevelandHeartdisease (CHD),PimaIndianDiabetes (PID)andStatlogHeart
Disease (SHD).Thedatasetswerepreprocessedbyusing thenearestneighbormethodbasedon
Euclidian distance. Fuzzification of selected features was done using Trapezoidal Membership
Function.TheELMusessinglehidden layer feedforwardneuralnetworkforclassification.The
classifierachieved73.77%,93.55%,94.44%and92.54%accuraciesforCHDwithfiveclasslabels,
CHDwithtwoclasslabelsSHDandPIDdatasetsrespectively.

Nahato,Nehemiah&Kannan(2015)usedroughsetwithbackpropagationneuralnetworkfor
classificationofclinicaldatasets.TheclinicaldatasetswereobtainedfromtheUniversityofCalifornia
Irvine(UCI)machinelearningrepository.Missingvaluesfromtheclinicaldatasetwashandledby
eitherimputingorrejectingbasedonthepercentageofthemissingvalues.Handlingmissingvalues
andselectionofattributesareperformedusingindiscernibilityrelation.Theselectedattributesare
usedtotrainbackpropagationneuralnetwork.Thenetworkisasinglehiddenlayerfeedforward
neuralnetworkhavingTangentsigmoidactivationfunctionappliedtothehiddenneuronandlinear
activationfunctionappliedtotheoutputneuron.Theaccuracyobtainedfromtheirproposedmethod
is97.3%,98.6%,and90.4%forhepatitis,WisconsinBreastCancer,andClevelandHeartDisease
datasetsrespectively.

Leema,Nehemiah&Kannan (2016)developedaoptimization technique for trainingneural
networkusingdifferentialevolutionwithglobalinformation(DEGI)withBPalgorithmforclinical
datasets.TheDEGIwasdevelopedbydrawingtherelativeadvantagesofparticleswarmoptimization’s
(PSO)globalsearchabilityanddifferentialevolution’smodifiedmutationoperationisusedtoimprove
thesearchexplorationofPSO.TheDEGIalgorithmisusedforglobalsearchandtheBPalgorithmis
usedforlocalsearch.Thisoptimizationtechniqueovercomesdrawbackofthelocalminimaproblem
ofBPandprematureconvergenceduetostagnationproblemofPSO.Theclassifierperformancewas
testedusingthreedatasetsnamely,PimaIndianDiabetes,ClevelandHeartDiseaseandWisconsin
BreastCancerobtainedfromtheUCImachinelearningrepository.Thedevelopedclassifierprovides
98.52%,85.71%and86.66%ofaccuraciesfortheabovedatasets.

Elgin,Nehemiah,Minu&Kannan(2019)developedaframeworkforclinicaldecisionsupport
system(CDSS)whichusesCorrelationbasedensemblefeatureselectionandgradientdescentback
propagationneuralnetworkforclassification.TheHotdeckimputationhasbeenusedforhandling
missingvaluesandminmax-normalizationwasusedtotransformation.Correlationbasedensemble
featureselectorisperformedtogettheoptimalfeaturesetbytherejectionofhighsimilarityfeatures
frommajorityvotingontheoutputofDifferentialevolution,LIONoptimizationandglow-wormswarm
optimization.TheCDSSwasexperimentedonHepatitisdatasetandWisconsinDiagnosticBreast
Cancer(WDBC)datasetfromUniversityofCaliforniaIrvine(UCI)MachineLearningrepository
andwasobservedthatitwasobtainedanaccuracyof95.51%forHepatitisand98.47%WDBC.

Wu,Zhao,Zhang,Sang,Dong,&Jiang(2020,January)proposedaframeworkfordiagnosing
early diabetic retinopathy detection using back-propagation artificial neural network (BP-ANN)
improvedbyaprioriknowledge.Theretinalbloodvesselsaresegmentedusingafuzzyclustering
algorithmbasedontexturefeatures.Basedontheaprioriknowledgeobtainedfromtheexperienced
ophthalmologists,geometricfeaturesofbloodvesselsnamely,widthandtortuosityareextracted.



International Journal of Operations Research and Information Systems
Volume 11 • Issue 4 • October-December 2020

66

Atotalof72retinalvesselfeatureswereextractedandareclassifiedusinganImprovedBPNeural
NetworkClassifier.Atotalof240fundusimageswereusedforexperimentationwhichwereobtained
from120early-stageDRand120normalparticipants.Theaverageaccuracyof10randomizationtests
withdifferenthiddenneuronsbasedonBP-ANNwereobtained.Themaximumaccuracyobtained
forBP-ANNusingaprioriknowledgewas98.46%.

Geetha,Aprameya&Hinduja(2020)proposedadiagnosticsystemfordiagnosingdentalcaries
fromdigitalradiographs.TheframeworkcomprisedofpreprocessingstepssuchasLaplacianfiltering,
window based adaptive threshold, morphological operations, statistical feature extraction. Back
propagationneuralnetworkusedtoclassifyatoothsurfaceasnormalorhavingdentalcaries.The
datasetconsistsof49cariesand56sounddentalX-rayimagesobtainedfromSJMDentalCollege
Chitradurga,IndiausingintraoralGendexX-raymachinewithRVGsensorwasexperimented.The
systemachievedanaccuracyof97.1%.

Sudha(2017)developedaCDSSthatusesGeneticalgorithmbasedroughsetmethodforselecting
relevant features and Back Propagation Neural Network for classification. The CDSS named as
ApplicationSpecificIntelligentComputing(ASIC)decisionsupportsystem.TheCDSShasbeen
testedwithbreastcancer,fertilitydiagnosisandheartdiseasedatasetfromUCImachinelearning
repository.SigmoidfunctionisusedastheactivationfunctionandMSEisusedthefitnessfunction
forBPNN.TheCDSSprovides93%,97.61%and92.3%fortheabovedatasetsrespectively.

Helwan, Idoko & Abiyev (2017) proposed an automated Breast tissue classifier using two
differentneuralnetworksnamelyfeedforwardneuralnetworkusingtheBackpropagationlearning
algorithm(BPNN)andRadialBasisFunctionNetwork(RBFN).BreastTissuedatasetfromtheUCI
machinelearningrepositoryisusedforexperimentation.Featureselectionisperformedthrougha
filterapproachbycomputingtheinformationgain.Seventypercentageofthesampleswereusedfor
trainingandthirtypercentagefortesting.TheperformanceofBPNNandRBFNarecomparedin
termsofaccuracy.TheclassificationaccuraciesobtainedfromtheBPNNandRBFNare93.39%and
94.33%respectively.ItcanbeinferredthattheRadialbasisfunctionnetworkoutperformedtheback
propagationnetworkforclassifyingsixdifferentbreasttissues.Theperformanceoftheclassifieris
measuredintermsofaccuracy,minimumerror,maximumepochsandtrainingtime.

Desai,Giraddi,Narayankar,Pudakalakatti&Sulegaon(2019)performedacomparisonoftwo
classifiersnamelyBPNNandLogisticRegression(LR).Theperformanceoftheclassifieristested
withClevelandHearDisease(CHD)datasetobtainedfromUCImachinelearningrepository.The
accuraciesoftheclassifieris85.074%and92.58%forBPNN(nonparametric)andLR(parametric)
models,respectively.TheBPNNusedMSEastheoptimizationfunctionwith10-foldcrossvalidation.

Ravindra,Sriraam&Geetha(2018,February)intheirworkhavedevelopedaBPNNclassifier
forthediagnosisofChronicKidneyDisease.Detailsof230patientscollectedfromalocalhospital
inKarnataka,Indiaisusedforexperimentation.Theobjectiveoftheworkistodiscriminatebetween
chronickidneydiseaseandnon-chronickidneydisease.TheBPNNisusedMSEastheoptimization
functionandTan-sigmoidastheactivationfunction.Levenberg-marquardtbackpropagationalgorithm
isusedforthetrainingofneuralnetwork.Thedevelopedmethodprovidesanaccuracyof95.3%for
thediagnosisofChronicKidneyDisease.

Tarle & Jena (2017, August) have proposed a BPNN for the diagnosis of heart disease.
ExperimentswereconductedonCHDdatasetfromUCImachinelearningrepository.TheBPNN
usedsigmoidfunctionastheactivationfunctionandMSEastheoptimizationcriterion.Min-max
Normalizationwasusedtonormalizethedataset.Theperformanceoftheclassifierisevaluatedusing
Five-foldcrossvalidation.Theaccuracyobtainedfromtheirproposedmethodis83%forCHDdataset.

Paing,Hamamoto,Tungjitkusolmun&Pintavirooj(2019)intheirwork,haveproposedaComputer
AidedDiagnosis(CAD)systemfordetectingandstaginglungcancerfromcomputedtomography
(CT)images.TheproposedCADsystemhastwostagesofclassification;thefirststagediscriminate
thetruetumournodulesfromotherfalselesions.Thesecondstageintentstoclassifytheassociated
stagesofthetrulypredictedtumours.TheproposedCADwasdevelopedandtestedusing1560CT
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exams from four popular public datasets: LIDC-IDRI, NSCLC-Radiomics-Genomics, NSCLC-
RadiomicsandNSCLCRadiogenomics.TheBPNNisusedinboththestagesofclassification.The
developedCADachievedadetectionaccuracyof92.8%,asensitivityof93.6%,aspecificityof91.8%,
aprecisionof91.8%,aF-scoreof92.8%,andanAUCof96.8%.Forthestaging,theproposedCAD
achievedanaccuracyof90.6%,asensitivityof77.4%,aspecificityof97.4%,aprecisionof93.8%,
anF1-scoreof79.6%andanAUCof84.6%respectively.

Agharezaei,Agharezaei,Nemati,Bahaadinbeigy,Keynia,Baneshi&Agharezaei(2016)proposed
aCDSStoassistdiagnosisandpredictionoftherisklevelofpulmonaryembolisminpatients,by
meansofartificialneuralnetwork.Twotypesofartificialneuralnetworks,namelyFeed-Forward
BackPropagationandElmanBackPropagationwereusedfortheresearch.294Patientsadmittedin
educationalhospitalsaffiliatedwithKermanUniversityofMedicalSciences,locatedinthesouth
easternIranwereusedforexperimentation.80percentofthedatasetisrandomlyassignedastraining
dataand20percentisassignedastestingdata.BothFeed-ForwardBackPropagationandElman
BackPropagationendedupwiththesameperformance(93.23%accuracy).TheadvantageofFeed-
ForwardBackPropagationNetworkhasahigherconvergencespeedandrequiresfewerneuronsin
itshiddenlayer.

This work provides a comparative study on variations in various network parameters using
differentBPalgorithms.Thetrainingalgorithmsaretestedusingthreeclinicaldatasetsobtainedfrom
theUCImachinelearningrepository.Theexperimentalresultsshow,whichcombinationofnetwork
parametervaluesandthetrainingalgorithmsprovidesfasterconvergenceandminimumerrorinthe
classificationprocess.

MATERIALS AND METHODS

In thissection, thematerialsandmethods thathavebeenused to investigate theperformanceof
twelvedifferentBPalgorithmswiththeimpactofvariationsinnetworkparametervaluesforneural
networktrainingarediscussed.

Mean Square Error
TheMSEcomputesthedifferencebetweentheneuralnetworkoutputandthetargetvalue.Themain
objectiveofANNtrainingistominimizetheMSEandimprovetheabilityofclassification.TheMSE
E
k( ) iscomputedusingEquation(1):
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squared error of the network. The error is backpropagated until minimum mean square error is
achieved.AlthoughseveralalgorithmsareusedtotraintheANN,mostcommonlyusedsupervised
algorithmisbackpropagationalgorithm.

Backpropagation (BP) Algorithms
BP algorithm was introduced by Rumelhart, Hinton and Wiliams (1986a). BP algorithm is a
supervisedlearningalgorithmfortrainingtheANN.TheBPtrainingincludesthefollowingsteps:
initializationofweights,MSEcomputation,optimizationofweightsandbackpropagationoferrors.
TheBPalgorithmisclassifiedintotwotypesnamely,fasterandslowertrainingalgorithms(Bezdek,
1993.).Thefastertrainingalgorithmsfallsintotwomaincategories,namely,heuristicandstandard
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numericaloptimization.Heuristictechniquesaredevelopedfromtheperformanceanalysisofthe
standardsteepestdescentalgorithm.

The heuristic techniques are further divided into two types, namely, Gradient Descent with
variablelearningrateBPandResilientBP.Thestandardnumericaloptimizationalgorithmsaredivided
intothreetypessuchas,ConjugateGradientalgorithms,QuasiNewtonandLevenberg-Marquardt.
TheConjugateGradientalgorithmsarefurtherdividedintofourtypesnamely,ConjugateGradient
backpropagationwithFletcher-Reevesupdates,ConjugateGradientbackpropagationwithPolak-
RibiereupdatesandConjugateGradientbackpropagationwithPowell-BealeRestartsandScaled
ConjugateGradient.TheQuasiNewtonalgorithmisfurtherdividedintotwotypessuchasBFGS
algorithmandOneStepSecantalgorithm.

Theslower trainingalgorithmsaregradientdescentalgorithmsandarenotusedforsolving
practicalproblems,becausethetrainingprocessisveryslow.Thegradientdescentalgorithmshastwo
modes,theyare,incrementalmodeandbatchmode.Theinputisappliedtothenetworkandthen,the
weightsareupdatedandgradientiscomputedintheincrementalmodeoftraining.Inthebatchmode
oftraining,allinputsareappliedbeforethenetworkweightsareupdated.TheBPtrainingstrongly
dependsonthenetworkparametersandtrainingalgorithms(Eluyode,Akomolafe&MNCS,2013).

ANN Parameters
TheANNparametersusedtotrainBPNNarenamely,initialweightsandbiases,numberofhidden
layersandthenumberofneuronsperhiddenlayer,activationfunction,numberoftrainingepochs,
learningrate,minimumerrorandmomentumterm.Selectionofoptimalsetofinitialweightsand
biasesfortrainingtheneuralnetworkreducesthetrainingtimeandinitialerror.Hiddenlayerisused
tosolvecomplexnon-linearlyseparableproblem.

Multiplehiddenlayersandthenumberofneuronsinthehiddenlayerareused,whenaccuracy
isthemaincriteriaandthereisnolimitationforthecomplexityofthenetworkandtrainingtime.
Duringtraining,thelearningratecontrolstherateofchangeinweightsandbiasesofthenetwork.
Momentumparameterpreventsthesystemfromconvergingtolocalminima.Theactivationfunction
determinesthecomplexityandperformanceofthenetwork.Itplaysamajorroleintheconvergence
ofthelearningalgorithms.Ifthenetworkparametersarenotchosenproperly,thenthenetworkslows
downthetrainingprocess.

Initial Weight Selection
Thetrainingalgorithmsareverysensitivetotherandomselectionofinitialweightvalues.Selectionof
anoptimalsetofinitialweightvaluesforneuralnetworktrainingreducesthetrainingtimeandinitial
error.Trainingiterationsarereduced,iftheinitialweightschosenareclosertothetrueminimum.
Aninappropriatechoiceofinitialweightsleadstogettingstuckinlocalminima.

Researchersintroducedseveralweightinitializationtechniques.Yam&Chow(2000)implemented
aweightinitializationtechniqueforfeedforwardnetworksbasedonalinearalgebraicmethodand
Cauchy‘sinequality.Thismethodensuresthehiddenneuron’soutputisintheactiveregion,which
meanstheactivationfunction’sderivativehasalargervalue.Whentheoptimalinitialweightsare
chosen,thismethodreducestheinitialerrorandincreasestheconvergencerate.Hencethenumber
ofiterationstoreachtheerrorcriterionissignificantlyreduced.

Masters(1993)usedleastsquaremethodforweightinitialization.Theresearcherhadusedneural
networkswithonehiddenlayerandtheweightsbetweeninputandhiddenlayerareinitializedbyusing
simulatedannealingandgeneticalgorithm.Theoutputlayerweightsarecalculatedusingsingular
valuedecomposition.Nguyen&Widrow (1990)developedanalgorithm forweight initialization
whereallthehiddennodesarescattereduniformlyintheinputspace,whichresultsinsubstantial
improvementofthelearningspeedofthenetwork.Theinitialweightsandbiasesintheregionof
interestaredistributedbydividingintosmallerintervals.Astheinitialweightsaredividedintosmaller
intervals,theinputpatternislearnedquicklybythenetwork.
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Number of Hidden Layers and Number of Neurons Per Hidden Layer
Thehiddenlayerisanintermediatelayerbetweentheinputandtheoutputlayer.Hiddenlayerisa
collectionofneuronsandanactivationfunctionisappliedtoit.Iftheproblemislinearlyseparable,
thenthereisnoneedforthehiddenlayer.Henceanactivationfunctionisusedintheinputlayerto
solvelinearlyseparableproblems.Incaseofnon-linearlyseparableproblems,thereisaneedforone
ormorehiddenlayerswithactivationfunctionappliedtoit.Ifthenumberofneuronsinthehidden
layeristoolow,thenunderfittingoccurs.Ifthenumberofneuronsinthehiddenlayeristoohigh,
thenoverfittingormemorizationofthetrainingdatasetwilloccur(Alsmadi,Omar&Noah,2009;
Karsoliya,2012).Differentapproacheshavebeenfollowedbyotherresearchersinthecomputation
ofnumberofhiddenlayersandnumberofneuronsineachhiddenlayer.

Boger&Guterman(1997)suggestedthatthehiddenlayersizeis2/3rdoftheinputlayer.Berry
&Linoff(1997)suggestedthatthehiddenlayersizeshouldbelessthantwicethesizeoftheinput
layer.Blum(1992)statedthatthehiddenlayersizeisinbetweentheinputlayerandtheoutputlayer.
Morshed&Kaluarachi(1998)demonstratedthatthesizeofthehiddenlayeris(2n+1),wherenisthe
numberofneuronsintheinputlayer.Thesizeofthehiddenlayercanbedeterminedbytheactivation
functionusedintheneurons,thetrainingalgorithm,theneuralnetworkarchitectureandtraining
samplesinthedataset.Multiplehiddenlayersareusedinapplications,wheretherearenolimitations
ontrainingtimeandaccuracyisthemaincriteria.Thelimitationofusingmultiplehiddenlayersin
theneuralnetworkleadstotheproblemoflocalminima(Liu,Starzyk&Zhu2007).

Activation Function
Theactivationfunctionstronglyinfluencesthecomplexityandperformanceofneuralnetworksand
playsamajorroleintheconvergenceofthelearningalgorithms(Chandra&Singh,2004;Duch&
Jankowski1999;2001;Saduf,2013;Singh&Chandra,2003.).Severalactivationfunctionsareused
in the ANN training such as Linear, Sigmoid, Sigmoid Stepwise, Sigmoid Symmetric, Sigmoid
SymmetricStepwise,Gaussian,GaussianSymmetric,Elliot,ElliotSymmetric,LinearPiecewise
andLinearPieceSymmetric(Sibi,Jones&Siddarth,2013).Toincreasethespeedofthetraining
process,severalmodificationshavebeendonebyresearchersintheactivationfunctions.Masters
(1993)determinedthatthelocalminimaproblemariseswhentheerrorsaturationinthehiddenlayer
occurs.Toovercomethelocalminimaproblem,theauthorintroducedanewalgorithmbyadjusting
thesigmoidactivationfunctionsinthehiddenlayerofeachneuron,whichprovidesslightmodification
ofweightsbetweenthehiddenandtheoutputlayer.Thesigmoidfunctionisadjustedbyvarying
thegainparameterofthehiddenneurons.Thegainparametermodificationisdoneaccordingtothe
degreeofapproximationofthedesiredoutputintheoutputlayer.

Nguyen&Widrow(1990)introducedanimprovementtothebasicBPbyadjustingtheslope
oftheactivationfunctionoftheoutputlayernodesandusingdifferentlearningratesforthehidden
andoutputlayernodes.Wang,Tang,Tamura,Ishii&Sun,(2004)implementedanalgorithmfor
modifyingthegradientbasedsearchdirectionbyadaptivelyvaryingtheslopeparameter(gain)of
thesigmoidfunction.

Learning Rate ( η )
Thelearningrate isa tunablefactor thatcontrols thespeedof thetrainingprocess.Thesigmoid
activationfunctionusedintheBPalgorithmwillslowdownthetrainingprocess,whentheoutput
isnearto0or1,asthelearningrateisverysmallandresultsonlyinaslightchangeintheweight
adjustments.Lee,Chen&Huang(2001)foundtheerrorsaturationconditionisthemaincausefor
theprematureconvergence.Toovercometheerrorsaturationproblem,theauthorintroducedanerror
saturationpreventionfunction(ESP)whichisaparabolicfunctiontothelearningrateinthenodesof
theoutputlayer.TheESPfunctionscalesupthelearningratewithintherangeof[0,1].Howeverthe
learningrateforthehiddenlayerisverysmallwhentheactualoutputofaunitreachesthesaturation
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areaof0or1.Thelearningratewithconstantvalueof0.01isusedtoovercometheabovedrawback
(Wani,2014).Thisconstantvaluewaschosenafteranalyzingmanyexperimentalresultswhereasto
improvethelearningspeedandfasterconvergence.

Momentum
InBPlearning,theimpactoflearningraterevealsthatasmallerlearningrategivessmallerchanges
ofweightsinthenetworkfromoneiterationtothenext.Ifthelearningrateistoolarge,itresultsin
largerchangeinweightsandmakesthenetworkunstable.Toovercomethisproblem,amomentum
term(m) isaddedto theweightupdationrule.Themomentumaffects theweight tobe tunedin
upslopeinsteadofdownslope.Toovercometheabovelimitations in learning,researchershave
introduceddynamicallyvaryingmomentumterm.Swanston,Bishop&Mitchell,(1994)introduced
anadaptivemomentumapproachbyconsideringthecurrentnegativegradientandthelastweight
changes.Ifthecurrentweightchangevectorissimilarindirectiontothepreviousweightchange,then
themomentumtermisincreased.Ifthecurrentweightchangeisinoppositedirectiontoprevious
weightchange,thenthemomentumisreducedtozero.

Limitations of BP Algorithms
‘Over-fitting’ormemorizationofdataandslowlearningproblemswilloccur,whenthenumberof
hiddenlayersandneuronsinthehiddenlayeraretoohigh.Whenthenumberofhiddenlayersand
neuronsinthehiddenlayeraretoolow,‘under-fitting’orunabletolearnthedatawilloccur.Ifthe
learningrateistoosmall,thelearningprocessisdoneslowlyandcaneasilygetstuckinthelocal
minima.Ifthelearningrateistoobig,instabilityorpoorperformancewilloccurinthenetwork.
Theparametersarefixedinthenetworkusingtrialanderrormethod.Hencesuccessfulapplication
ofBPNNrequirestimeandexperience.

Data Set Description
TheBPtrainingmethodshasbeenexperimentedwiththreeclinicaldatasetsnamely,PimaIndian
Diabetes (PID), Hepatitis and Wisconsin Breast Cancer (WBC) dataset obtained from the UCI
machinelearningrepository(Lichman,2013).ThedescriptionofclinicaldatasetispresentedinTable
1toTable3.

Pima Indian Diabetes
ThePIDdatasetistheresultofaresearchsurveycarriedoutintheNationalInstituteofDiabetesand
DigestiveandKidneyDiseases(NIDDK),UnitedStates.PIDdatasetsamplesaretakenfromPima
IndianHeritage,whichcontainsthedetailsoffemalepatientshavinggestationaldiabetesofagegroup
greaterthan21years.Thedatasetsampleswerecollectedduringthefirsttrimesterofpregnancy.The
PIDdatasethas768sampleswitheightfeaturesandoneclasslabelisassociatedwitheachsample
toindicatewhethertheindividualisaffectedwithGestationaldiabetesornot.Among768samples
collected,268samples(34.9%)hadbeendiagnosedwithGestationaldiabetesand500samples(65.1%)
withoutGestationaldiabetes.ThedescriptionoftheattributesinPIDdatasetisshowninTable1.

Hepatitis
HepatitisdatasetwasdonatedbytheJozefStefanInstitute.Hepatitisdatasetconsistof155instances
with19featuresincludingclasslabel.TheclasslabelHistologydescribeswhetherthepatientwith
hepatitiswillliveornot.Thedatasethas123instanceswith‘Live’classand32instanceswith‘Die’
class.Sixfeatureshavenumericaldatatypeandtheremainingthirteenattributeshavebinarydata
type.ThedescriptionofattributesintheHepatitisdatasetisshowninTable2.
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Table 1. Description of attributes in Pima Indian Diabetes Dataset

S.No. Attribute Description

1 Preg Numberofpregnancies

2 Plas Plasmaglucoseconcentrationinanoralglucosetolerancetest

3 Pres Diastolicbloodpressure

4 Skin Tricepsskinfoldthickness

5 Insu 2-Hourseruminsulin

6 Mass Bodymassindex

7 Pedi Diabetespedigreefunction

8 Age Ageofanindividual

Class Testedpositive/negative

Table 2. Description of attributes in Hepatitis Dataset

S.No. Attribute Description

1 Age Ageofanindividual

2 Sex Gender

3 Steroid Useofanabolicsteroids

4 Antivirals UseofAnti-virals

5 Fatigue Extremetiredness

6 Malaise Avaguefeelingofbodilydiscomfort

7 Anorexia Lackorlossofappetiteforfood

8 Liverbig EnlargementofLiver

9 Liverfirm Firmnessoftheliver

10 Spleenpalpable Enlargementofspleen

11 Spiders Bloodvesselsneartheskin’ssurfaceduetotheincreasedestrogen
levels

12 Ascites Accumulationoffluidintheperitonealcavity

13 Varices Bleedingfromvarices

14 Bilirubin Amountofbilirubininabloodsample

15 Alkphosphate Levelofalkalinephosphatase

16 SGOT Amountofserumglutamicoxaloacetictransaminaseinblood

17 Albumin Amountofserumalbuminproteinintheclearliquidportionofthe
blood.

18 Protime Timetakenforbloodplasmatoclot

Histology DieorLive
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Wisconsin Breast Cancer
WisconsinBreastCancer (WBC)datasethasbeencreatedbyDr.WilliamH.Wolberg from the
UniversityofWisconsinhospitals.TheWBCdatasethas699instanceswithninefeaturesfrombreast
fineneedleaspiration.TheclasslabelforaninstancecanbeMalignant(Cancerous)andBenign(non
cancerous).Thedatasethas241instanceswithmalignantclassand458instanceswithbenignclass.
Allfeatureshavenumericaldatatyperangingfrom1to10.ThedescriptionofattributesintheWBC
datasetisshowninTable3.

DESIGN AND IMPLEMENTATION

ThisresearchworkinvestigatestheparametersettingsfortwelvedifferentBPNNtrainingiscarried
out.Thesystemframeworkconsistsofpreprocessingsubsystem,trainingsubsystemandclassification
subsystem.

Preprocessing Subsystem
The preprocessing subsystem handles noisy, missing and irregular values. Table 4 presents the
numberoffeatures,classesandinstancesofthethreeclinicaldatasetsobtainedfromtheUCImachine
learningrepository.

Table 3. Description of attributes in Wisconsin Breast Cancer Dataset

S.No. Attribute Description

1 ClumpThickness Assessesifcellsaremonoormulti-layered.

2 UniformityofCellSize Evaluatestheconsistencyinsizeofthecellsinthesample.

3 UniformityofCellShape Estimatestheequalityofcellshapesandidentifiesmarginal
variances.

4 MarginalAdhesion Quantifieshowmuchcellsontheoutsideoftheepitheliumtendto
sticktogether.

5 SingleEpithelialCellSize Relatestocelluniformity,determinesifepithelialcellsare
significantlyenlarged.

6 BareNuclei Presenceandsizeofnuclei

7 BlandChromatin Ratestheuniform“texture”ofthenucleusinarangefromfineto
coarse.

8 NormalNucleoli Determineswhetherthenucleoliaresmallandbarelyvisibleor
larger,morevisible,andmoreplentiful.

9 Mitoses Describesthelevelofmitotic(cellreproduction)activity.

Class benign,malignant

Table 4. Number of features, classes and instances

S.No. Dataset Number of Features Number of Classes Number of Instances

1 WBC 9 2 683

2 PID 8 2 768

3 Hepatitis 19 2 155
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Handling Missing Values
HepatitisandWisconsinBreastCancerdatasetshavemissingvalues,whereasPimaIndianDiabetes
datasethasnomissingvalues. In this researchwork,missingvaluesarehandledby rejectingor
imputingusingthestepsgivenbelow.

Input:ClinicalDataset
Process:
Step 1:Countmissingvaluesforeachfeature.
Step 2:Eliminatefeatureswheremissingvaluesaregreaterthan25%,elseretainthefeature.
Step 3:Countmissingvaluesineachinstance.
Step 4:Eliminateinstanceswithgreaterthan25%missingvalues,otherwiseretainthem.
Step 5: Impute themissingvaluesof the remaining instanceswithmost frequent featurevalues

correspondingtothatclass.
Output:Clinicaldatasetwithoutmissingvalues.

TheHepatitisdatasethas167missingvalues.Thefeaturesalkphosphateandprotimehavethe
missingvaluesgreaterthan25%,hencetheyareremovedfromthedataset.TheWBCdatasethas16
missingvalues.ThefeatureBareNucleihave16missingvalues.Thesemissingvaluesarehandled
byimputingthemostfrequentvaluesofthecorrespondingclass.ThePIDdatasethasnomissing
values,buttherearenoisyvaluesinthedataset.Inhepatitisdatasetsixsampleshavemissingvalues
greaterthan25%,hencethesesamplesarerejectedfromthedataset.Thedatasetisreducedto149
samplesfrom155samples.Table5showsthenumberofmissingvaluesineachdataset.

Smooth Noisy Data
InPimaIndianDiabetesdataset,thevaluezerocorrespondstoeachfeatureisconsideredasnoisy
value.Inthisresearchwork,noisyvaluesarehandledbyeliminatingorimputingattributevalues
usingthestepsbelow.

Input:Clinicaldatasetwithoutmissingvalues.
Process:
Step 1:Countnoisyvaluesforeachfeature.
Step 2:Eliminatefeatureswherenoisyvaluesaregreaterthan25%,elseretainthefeature.
Step 3:Countnoisyvaluesineachinstance.
Step 4:Eliminateinstanceswithgreaterthan25%noisyvalues,otherwiseretainthem.
Step 5: Impute the noisy values of the remaining instances with most frequent feature values

correspondingtothatclass.

Table 5. Details about the number of missing values in each dataset

S.No. Data Set Presence of Missingness Number of Missing 
Values

Number of Noisy 
Values

1 WBC YES 16 -

2 PID NO - 432

3 Hepatitis YES 167 -



International Journal of Operations Research and Information Systems
Volume 11 • Issue 4 • October-December 2020

74

InPimaIndianDiabetesdataset,amongthe768samplesinthedataset432sampleshaveoneor
morezerovaluesassociatedwithit.Thenumberofinstancesgreaterthan25%featureshavingvalue
0,is256.Thenumberofinstancesisreducedfrom768to512.Among512,176instanceshavefeature
valuezero.Thevaluezeroisreplacedbyfrequentlyoccurringvaluesofanattributebelongingtothat
class.Fromthe512instances,343instancesindicatetheabsenceofdiabetes(class0)and169instances
indicatethepresenceofdiabetes(class1).ThereisnonoisyvalueintheWBCandhepatitisdatasets.

Output:Clinicaldatasetwithoutnoisyvalues.

DataNormalization

Input:Clinicaldatasetwithoutnoisyvalues.

Process:

Normalize irregular feature values in the clinical dataset into a specified range using Min-Max
normalization(Kamber,Han&Pei,2012)whichispresentedinEquation(2):

Normalized X
E E

E E
E E Emin

max min
new max new min new min( ) = −

−
−( )+�

_ _ _
 (2)

where E  is the featurevalue tobenormalized, X  is thenormalized featurevalue, E
min

 is the
minimumvalueofthefeature,E

max
isthemaximumvalueofthefeature,E

new max_
andE

new min_


representsthenormalizedvaluewithintherange[0,1].

Output:NormalizedClinicalDataset

Training Subsystem
Thetrainingsubsystemusesmultilayerfeedforwardneuralnetworkwithonehiddenlayerfortraining
theneuralnetworkclassifier.Theinputlayercorrespondstoeachfeatureinthedataset.Thehidden
layerneuronsisstructuredusingEquation(6)andtheoutputlayerwithoutputnodescorresponding
totheclasslabel.Theactivationfunctionusedissigmoid.ThefollowingEquations(2)and(3)are
usedtocomputethesigmoidalactivationfunctions(Mhaskar&Micchelli,1994):

logsig n exp n( )= + −( )( )� � �/� � �1 1  (3)

tansig n exp n( )= + −( )( )−� � / *2 1 2 1  (4)

wheren isthenumberofinputfeaturesinthenetwork.

Backpropagation Training Algorithm
NotationsUsed

Input:TrainingDataset
Process:
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Step 1:Initializetheinputlayerwithn inputnodes,thehiddenlayerwithH hiddennodesandthe
outputlayerwithO outputnodes.

Phase1:FeedForwardPhase
Step 2:Computetheoutputofthe j th hiddennodeusingEquation(5):

f y
w x

j

i

n

ji i j

( ) =
+ − −

























=∑

�
exp

1

1
1

θ ,, j=1,2…,H (5)

Step 3:ComputetheoutputoftheoutputlayerusingEquation(6):

z w f y
k

j

H

kj j
= ( )

=
∑�
1

k O= ……1 2, , .,  (6)

Step 4:ThenumberofhiddennodesinthehiddenlayerisrepresentedinEquation(7):

H = (2 1n + )  (7)

Step 5:ComputeMeanSquaredError(MSE)E
k

usingEquation(8):

E z C
k

i

O

i
k

i
k= −( )

=
∑�
1

2
 (8)

Phase1:BackpropagationofError
Step 6:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrement,whichis

representedinEquation(9):

∆w z c x
k i i i
= −( )η  (9)

Phase1:WeightandBiasUpdate
Step 6.1:Theerrorinthenetworkwithrespecttoweightsandbiasesarecomputedandisupdated

usingGradient Descent BPalgorithm.Theupdationisanegativegradientoftheperformance
functionandisrepresentedinEquation(10):

∆w g
k k
= −η.  (10)

Step 6.2:Computetheerrorinthenetworkweightsandbiases.TheyareupdatedusingGradient 
Descent with Momentumalgorithm.Themomentumtermisaddedbyafractionalchangeof
thenewweight,whichisrepresentedinEquation(11):

∆ ∆w g p w
k k k k
= − + −η .

1
 (11)
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Step 6.3:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
Gradient Descent Variable Learning Rate BPwhichisrepresentedinEquation(12):

∆
∆

∆
w

E

wk
k

k

= η.  (12)

Step 6.4:Computetheerrorinthenetworkwithrespecttotheweightsandbiases.Theincrements
arecalculatedusingGradient Descent with Momentum and Variable Learning Rate BP
algorithm,inwhichthevariablelearningrateandthemomentumtermareaddedusingEquation
(13):

∆ ∆
∆

∆
w p w p

E

wk k
k

k

= +−1 η. .  (13)

Step 6.5:Computetheerrorinthenetworkwithrespecttotheweightsandbiases.Thiscomputation
is performedduringResilient BP algorithm. the temporal behavior of sign function in this
algorithmisusedtodeterminethedirectionoftheweightupdate.Weightupdationiscalculated
usingEquation(14):

∆
∆

∆
∆w sign

E

w
w

k
k

k
k

= −









 −.
1

 (14)

Step 6.6:Computetheerrorinthenetworkwithrespecttotheweightsandbiases.Theincrements
arecomputedusingConjugate Gradient Backpropagation with Fletcher-Reeves Updates
algorithm.Inthisalgorithm,thelinesearchstarts inthesteepestdescentdirection.Theline
searchmethoddeterminestheoptimalcurrentsearchdirectionα .Thenextsearchdirectionβ 
isdeterminedbyconjugatetoprevioussearchdirections.Thisproducesfasterconvergencethan
steepestdescentdirectionsandisrepresentedinEquation(15)to(18):

p g
0 0
= −  (15)

∆w p
k k k
= α .  (16)

p g p
k k k k
= − + −β

1
 (17)

β
k
=
g

g

g

g
k

k

k

k

'

'
− −1 1

 (18)
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Step 6.7:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
Conjugate Gradient Backpropagation with Polak-Ribiere Updates algorithm. In this
algorithm,newsearchdirectioniscomputedastheproductofthepreviouschangeinthegradient
withthecurrentgradientdividedbythesquareofthepreviousgradientandisrepresentedin
Equation(18).

Step 6.8:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
Conjugate Gradient Backpropagation with Powell-Beale Restartsalgorithm.Inthisalgorithm,
thedirectionofsearchperiodicallyresetstothenegativeofthegradientandisrepresentedin
Equation(19):

g g g
k k k− ≥
1

20 2' .  (19)

Step 6.9:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
Scaled Conjugate Gradient (SCG)algorithm.Thealgorithmisbasedonconjugatedirections
calculatedusingEquations(18)and(19).

Step 6.10:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
Quasi-Newton BFGSalgorithm.InthisalgorithmthesecondderivativeoftheHessianmatrix
iscomputedusingEquation(20):

∆w H g
k k k
= − '  (20)

Step 6.11:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
One Step Secant algorithm. The search starts in thenegativedirectionof theperformance
gradient.Thenextsearchdirectioniscomputedfromthenewgradientandthepreviousgradient
accordingtotheEquation(21):

∆ ∆ ∆w g z w g
k k k k k k
= − + +− − −1 1 1

* *β  (21)

Step 6.12:Computetheerrorinthenetworkwithrespecttotheweightsandbiasesincrementusing
Levenberg-MarquardtalgorithmwhichisrepresentedinEquation(20),(22)and(23):

′ ′=H J J  (22)

g J E
k

= ′  (23)

Output:BackpropagationTrainedNeuralNetworkClassifier.

Classification Subsystem
TheclassificationsubsystemusestheBPtrainedANNclassifierfordiseasediagnosis.Theefficiency
of thedevelopedBP trainedANNclassifierhasbeen testedwith threeclinicaldatasetsnamely,
Wisconsin Breast Cancer, Pima Indian Diabetes and Hepatitis obtained from the UCI machine
learningrepository.
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Input:TestingSamples
Process:
Step 1:Preprocesstheinputfeaturesusingthestepsgiveninsection4.1.
Step 2:PreprocessedsamplesaregivenastheinputstothebackpropagationtrainedANNclassifier

toobtaindiagnosticresults.
Output:DiagnosticResults.

EXPERIMENTAL RESULTS AND DISCUSSION

Thissectionpresents theresultsof theexperimentsalongwithanalysisofBPNNclassifier.The
exprimentswereconductedonpersonalcomputewithIntel(R)core(TM)2DuoCPUE7500processor
withspeedof2.93GHzand2.00GBramtheBPNNclassifierisimplementedusingtheneuralnetwork
toolboxMATLABR2013acomputingplatform.ThestepsofthiscomparativeBPNNclassifierare
demonstratedbyshowingtheoutputsconsideringtheinputclinicaldatasets.ThedevelopedBPNN
classifierhasbeenexperimentedonthreedifferentclinicaldatasetsobtainedfromtheUCImachine
learningrepositorynamely,PimaIndianDiabetes,Hepatitis,andWisconsinBreastCancer.

FromTable6, it canbe inferred that, theneuralnetworkexperimentedwith (2n+1)hidden
neuronsandtheactivationfunctionusedinthehiddenandtheoutputlayerarelogsig-logsigand
tansig-logsigrespectively.ForPIDdataset,theLMalgorithmconvergesto48epochsin0.01seconds
togettheMSElessthan0.01.ThegradientdescentwithadaptivelearningrateBPalgorithmdoesnot
convergeatmaximumepochs(500)withtheMSE0.265,butitachievesmaximumaccuracy83.4%
forPIDdataset.ForWBCdataset,thePolak-RibiereandOneStepSecantBPalgorithmexceeds
maximumof500epochswithMSEof0.006,thisyieldshighestaccuracyof98.6%forWBCdataset.
ForHepatitisdataset,theclassificationaccuracyislowforalltwelveBPalgorithms,asthenumber
ofsamplesinthedatasetislow.BFGSalgorithmprovidesanaccuracyof45.8%forhepatitisdataset.
TheparametersthatworkwellforWisconsinBreastCancerandPimaIndianDiabetesdatasethas
givenanaverageresultforHepatitisdataset.However,changingtheseparametersmayyieldabetter
resultforHepatitisdataset.

Performance Analysis
Theclassifierresultsarecomparedagainstthestatisticalmeasuresnamely,accuracy,sensitivityand
specificity.Thestatisticalmeasuresareevaluatedusingmetricsderivedfromconfusionmatrices
suchasTruePositives(TP),TrueNegatives(TN),FalsePositives(FP)andFalseNegatives(FN).
Theelementsaredeterminedasfollows:

TP–DiseasedsamplecorrectlyidentifiedasDiseased.
TN–NormalsamplecorrectlyidentifiedasNormal.
FP–DiseasedsampleincorrectlyidentifiedasNormal.
FN–NormalsampleincorrectlyidentifiedasDiseased.

TheperformancemeasuresarecomputedusingEquations(24)through(26)andtheresultsare
presentedinTable7:

Accuracy =
+

+ + +( )
TP TN

TP FP FN TN
 (24)
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Table 6. Performance evaluation of twelve BP algorithms for three clinical datasets
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Sensitivity =
+( )
TP

TP FN
 (25)

Specificity =
+( )
TN

FP TN
 (26)

CONCLUSION

In thiswork,ananalyticstudyhasbeenperformedtoevaluate thenetworkparametervaluesfor
backpropagationneuralnetworktraining.Theinvestigationisperformedonthenetworkparameters
namely,numberofneuronsinthehiddenlayer,activationfunctionusedinthehiddenandtheoutput
layer,learningrate,numberoftrainingepochsandmeansquareerrorwhiletrainingthetwelvedifferent
BackpropagationNeuralNetwork(BPNN).TheperformanceofthetwelveBPNNclassifierhasbeen
evaluatedusingthreeclinicaldatasetsnamelyPimaIndiandiabetes,WisconsinBreastcancerand

Table 7. Classification performance comparison of twelve BP algorithms for three clinical datasets

MSE Accuracy 
(%)

Sensitivity 
(%)

Specificity 
(%) MSE Accuracy 

(%)
Sensitivity 

(%)
Specificity 

(%) MSE Accuracy 
(%)

Sensitivity 
(%)

Specificity 
(%)

WBC Hepatitis PID

1. Levenberg – Marquardt (trainlm)

0.00015 97.9 98.1 97.0 0.0005 33.9 100 32.8 0.01 74.1 93.7 29

2. Gradient descent Backpropagation (traingd)

0.0501 83.9 93.0 54.5 0.0940 15.3 100 13.8 0.201 68.3 97.2 1.6

3. Gradient Descent with Momentum Backpropagation (traingdm)

0.0529 95.7 98.6 86.4 0.0737 20.3 100 19 0.180 71.7 90.0 27.4

4. Gradient Descent with adaptive Learning Rate Backpropagation (traingda)

0.00798 97.1 98.1 93.9 0.00098 33.9 100 32.8 0.132 79.5 85.3 66.1

5. Gradient Descent with Momentum and adaptive Learning Rate Backpropagation

0.0005 97.5 98.1 95.5 0.00089 40.7 100 39.7 0.115 83.4 88.1 72.6

6. Resilient Backpropagation (trainrp)

0.0008 96.8 97.2 95.5 0.00079 25.4 100 24.1 0.0421 76.1 84.6 56.5

7. Conjugate gradient Backpropagation with Fletcher – Reeves Updates (traincgf)

0.002 98.2 98.6 97 0.00077 40.7 100 39.7 0.0302 76.6 83.2 61.3

8. Polak – Ribiere (traincgp)

0.0009 98.6 98.6 98.5 0.00019 35.6 100 34.5 0.0277 76.1 81.1 64.5

9. Conjugate gradient Backpropagation with Powell – Beale Restarts (traincgb)

0.002 98.2 98.1 98.5 0.00057 33.9 100 32.8 0.0196 76.1 81.1 64.5

10. Scaled Conjugate Gradient (trainscg)

0.0007 97.5 98.6 93.9 0.00061 40.7 0 41.4 0.0130 76.1 81.8 62.9

11. Quasi – Newton Algorithms – BFGS Algorithm (trainbf)

0.0081 97.9 98.1 97 0.00069 45.8 100 44.8 0.0420 78 81.8 69.4

12. One Step Secant Algorithm (trainoss)

0.002 98.6 98.6 98.5 0.00037 32.2 100 31 0.0362 76.6 81.8 64.5
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HepatitisobtainedfromtheUCImachinelearningrepository.Fromthecomparativestudyitcan
beinferredthattheaccuracyoftheclassifierdependsuponthetypeofbackpropagationalgorithm
chosen,thecombinationofnetworkparametervalueschosenandthedatasetchosen.Thisworkcan
serveasaguidelinetodesignnetworkparametersforanyneuralnetworkbasedCDSS.
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