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ABSTRACT

Biomedical intelligenceprovidesapredictivemechanismfor theautomaticdiagnosisofdiseases
and disorders. With the advancements of computational biology, neuroimaging techniques have
beenusedextensivelyinclinicaldataanalysis.Attentiondeficithyperactivitydisorder(ADHD)isa
psychiatricdisorder,withthesymptomologyofinattention,impulsivity,andhyperactivity,inwhich
earlydiagnosisiscrucialtopreventunwelcomeoutcomes.ThisstudyaddressesADHDidentification
usingfunctionalmagneticresonanceimaging(fMRI)datafortherestingstatebrainbyevaluating
multiplefeatureextractionmethods.Thefeaturesofseed-basedcorrelation(SBC),fractionalamplitude
oflow-frequencyfluctuation(fALFF),andregionalhomogeneity(ReHo)arecomparativelyappliedto
obtainthespecificityandsensitivity.ThishelpstodeterminethebestfeaturesforADHDclassification
usingconvolutionalneuralnetworks(CNN).ThemethodologyusingfALFFandReHoresultedin
anaccuracyof67%,whileSBCgainedanaccuracybetween84%and86%andsensitivitybetween
65%and75%.
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INTRoDUCTIoN

Atpresent,biomedicalintelligenceforclinicaldataanalysisisreadilyusedforhealthinformatics
researchandapplications.With the technologyadvancements, thenovel computationalmethods
supporttoprocesslargeamountsofhealth-caredata.Biomedicalimagingisusedtoderivefeatures
andidentifypatternsusingvariousanalysistechniquesonclinicaldataformedicalpurposes.Thus,the
diagnosisprocessofmedicaluntidinesscanbesupportedbyanappropriateselectionandprocessingof
imagefeatures.Recently,theuseofbiomedicalimagingfortheclassificationofpsychiatricdisorders
hasbeenconsideredforaprecisediagnosisprocess.

Attentiondeficithyperactivitydisorder (ADHD) isaprevalentneurologicaldisorderamong
children.Thereisaprospectofcarryingtheassociatedbehavioural,communicationandlearning
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issuesofsuchchildrenintoadulthoodandcomorbidwithotherneurologicaldisorders(Meedeniya
&Rubasinghe,2020).ADHDcanbedescribedasthetenacitypatternofinattention,hyperactive
orimpulsivitythatisnotablyhigherthanthecorrespondingdevelopmentgroups,asdefinedbythe
DSM-5diagnosticcriteria(AmericanPsychiatricAssociation,2013).Atpresent,ADHDcovers5%
oftheentirechildpopulationcausingimpairmentsoftheirchildhood,and70%carriestheminto
adulthoodandahigherrateofcomorbidwithotherneurologicaldisorders(Polanczyk,deLima,
Horta,Biederman&Rohde,2007).Thisisthemainmotivationofthisstudytoproposeamethod
fortheearlyidentificationofADHDusingmedicalimaging.Generally,psychiatricdisorderssuch
as depression, anxiety, learning disorder, obsessive-compulsive disorder, conduct disorder, and
otherlearning-relateddifficultiesaresomeofthehighlycomorbiddisorderswithADHD(DeSilva,
Dayarathna,Ariyarathne,Meedeniya&Jayarathna,2019a;Meedeniya&Rubasinghe,2020).

Amongpsychophysiologicalmeasures,electroencephalography(EEG)hasshownthepossibility
ofidentifyingtheADHDsubtypes;inattentively,impulsivityandhyperactivityefficiently(Kaur,Arun,
Singh&Kaur,2018).However,thesourcereconstructionisnotawell-posedproblemandcontain
inherentlimitationsonspatialresolution.Thus,usingEEGisnotaloneapplicableinthedeification
processforalargerscaleandcombiningheterogeneoussources(Abreu,Leal&Figueiredo,2018).
On theotherhand, fMRI testshavebeenusedwidelyprovidingeffective identificationprocess,
andeffectivityfeaturesthanEEGbycapturingthebrainresponseinthepresenceofneuralstimuli.
Therefore,thisstudyaddressesthefeatureextractionprocessoffMRIdataforADHDclassification.

fMRIdataareusedtoidentifytheabnormalneuralactivitiesofADHDsubjectsintheresting
stateof theselectedbrain regions (Metinetal.,2015).Hence, thispaper focuseson theADHD
identificationusingfMRIdatabasedonfeaturessuchasfractionalAmplitudeofLow-Frequency
Fluctuation(fALFF),RegionalHomogeneity(ReHo)andseed-basedcorrelation(SBC)toextract
theregionalactivitiesinthebrain.TheproposedsolutionaddressesDefaultModeNetworks(DMN)
basedbrainregionstostudytheabnormalactivitiesandextractfeaturesusingtheSBCtechniqueas
themaincontribution.ThisstudyevaluatesvariousfeaturesfromfMRIimagedatabycomparingthe
useofpreprocessedandun-processeddataintheclassificationprocess.Thepreprocessingofraw
fMRIdataandextractionofoptimalfeaturesalsocontributetothenoveltyofthisstudy.Theapproach
usesCNNasthelearningmodeltoderiveanaccuratemodelwithfMRIdata.Thisisdevelopedas
aprototypenamedADHD-Care_v2(ADHD-care,2019).Thisisanextensionofourpreviousstudy
ofADHDdiagnosiswitheyemovementdatausingarule-basedsystem(DeSilvaetal.,2019b).

Thepaperisstructuredasfollows.Section2explainsthetheoreticalapproachesappliedinthe
proposedsolutionalongwiththepracticalapplicationofADHDclassification.Section3presents
thedesignof the solution including the systemworkflow.Section4 includes theexplanationof
themethodologysupportedbythecomprehensiveimplementation.ThenSection5comparatively
evaluatestheresultsandSection6concludesthepaper.

THEoRETICAL BACKGRoUND

Attention Deficit Hyperactive Disorder
ADHDisacommonpsychiatricdisorderamongchildren.ChildrenwithADHDalsotendtoexhibita
varietyofsymptomswithdifferentseveritylevelsandbehaviours.Themostcommonsymptomsare
issuesinattention,hyperactivity,impulsivity,includingfailuresininhibitionmonitoringofthebrain.
Thismayalsocausetolessentheself-controlandconfidenceofchildrenasthereisahighprobability
ofcontinuingthedisordertotheiradulthoodbyleadingthemintootherseverecomorbiditydisorders
(DeSilvaetal.,2019a;Meedeniya&Rubasinghe,2020;Polanczyket.al,2007).Thus,earlydetection
ofADHDisimportanttoreducefurtherimpairmentsandnegativeimpactontheirdaytodaylife.

TheidentificationprocessofADHDisstillusingsubjectivemeasureswheremanualclinical
approaches are applied. Hence well-defined and comprehensive objective approaches are being
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motivatedintheresearchtoachievehighaccuracy,specificallyahighsensitivityintheirresulting
models of identification. Several psychophysiological metrics such as eye movement data,
electroencephalography (EEG), Electromyography (EMG), Magnetic Ray Imaging (MRI), and
FunctionalMagneticRayImaging(fMRI)havebeenusedinADHDidentificationprocess(DeSilva
etal.,2019b;Kauretal.,2018;Siuly&Zhang,2016).

Neuroimaging Metrics: fMRI 
FunctionalMagneticResonanceImaging(fMRI)helpstomeasurethechangesinbloodoxygenlevels
resultfromtheneuralactivitiesinthebrain(Glover,2011).Brain’sfunctionalanatomycanbeexamined
usingfMRItoevaluatethediseasesbydetectingabnormalitiesinthebrain.MagneticResonance
Imaging(MRI)usesradiofrequencypulsesandapowerfulmagneticfieldtocapturealltheinternal
bodystructures.Generally,MRIcandeterminecertaindiseasesbyevaluatingdifferentpartsofthe
bodysuchasbonedamageandtumourimages.ThefMRIusesMRItomeasurethesensitivechanges
inbloodflowwhichisintheactivepartofthebrain.fMRIdata(Maoetal.,2019)hasemphasized
thecapabilityofidentifyingvariouspatternsofmentalfunctionalitiesofbrainactivation.Several
studieshaveanalyzedfMRIdatatodetectthecorrelationbetweenthetaskwhichisperformedby
thesubjectduringthescanandthebrainactivation(Meedeniya&Rubasinghe,2020;Rubasinghe&
Meedeniya,2020;Maoetal.,2019;Peng,Lin,Zhang&Wang,2013).

Data Preprocessing Applications
SPM12(StatisticalParametricMapping)isanopen-sourcefreepackagethatrunsontheMATLAB
environment(Ashburneretal.,2014).SPM12usestheNIFTIformat3Dimages.SPM12mainly
supportsspatialpreprocessingfunction,statisticalfunctions,andvisualization.Thisisawell-developed
toolwithaccurateandrobustresults.Theuserrequiresabasicpriorknowledgeonlyandthetoolis
easytolearn.TheprimefunctionsofSPM12arerealigning,slicetimingcorrelation,coregistration,
normalizingandsmoothing.Italsoprovidesdifferentoptionstoseparatelyperformprocessingin
eachstepandprovidesthefreedomtotheusertochangethedefaultvaluesofthesteps,through
attributeselection.Thus,processingtaskscanperformseamlessly.Onenotablefeatureinthistool
isthatitsupportsbatchprocessing,whichallowsapplyingabatchoffMRIimagesintothepipeline
andretrievesresults.However,thistoolrequiresMATLABdistributiontoachieveoptimalresults.

The Configurable Pipeline for the Analysis of Connectomes (C-PAC) is an open-source,
configurableautomatedprocessingpipelineforfMRIwhereuserscanreliablypreprocessandanalyze
data(Craddocketal.,2013).C-PAChasbeencommonlyusedforlargedatasetsasitsupportsavariety
ofpreprocessingstrategiesfordifferentsubjects.Thesefunctionalitiesincluderealignment,slice-
timecorrection,normalization,coregistration,smoothing,motionscrubbingandskullstripping.The
NipypepipelininglibraryofpythonhasbeenusedtoimplementtheC-PAC.Itcontainsadvanced
analysismethodsforthecomprehensiveexplorationofthenetworkstructure,connectivitypatterns
andbrain-behaviourrelations.C-PACcontainstheindividual-levelmeasuresofALFF,fALFF,SBC
analysis,networkcentralityandvoxel-mirroredhomotopicconnectivity.Inperformance-wise,C-PAC
supportssharedmemoryandcluster-basedcomputingenvironments,whichhavehighperformance
toreducethecomputationtime.However,thetoolrequiresexpertknowledgeandtheconfiguration
iscomplex.

Seed Based Correlation
Inthestudyofbraindynamics,measuringtheconnectivityisessentialingeneratingtheconnectivity
maps.Theconnectivitymapscarrythefeaturestothemodelcreationlater.Theseed-basedcorrelation
(SBC) method particularly incorporates defining the functional connectivity of the brain. The
functional connectivity is further known as the temporal activity in brain dynamics. Moreover,
blood-oxygen-level-dependentimaging(BOLD),isamethodusedinfMRItoidentifytheactivebrain
regions.AsfMRIisgeneratedbyBOLDsignals,thetimeseriescanbegeneratedforthosesignals.
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Aselectedseedareaofinterest(ROI)canbeusedtocalculatethecorrelationsbetweenotherbrain
regionsofinterest(Kuang,Guo,An,Zhao&He,2014a).TheROIsexceedingathresholdvalue,or
asignificancevaluedefinedbyperforminghypothesistestingforthecorrelation.Consequently,the
methodgeneratesamapofthez-scorevaluesindicatinghowthoseROIsarecorrelatingwitheach
other.ThecorrelationbetweenROIsiscalculatedbytheaveragetimeseriesasgiveninEquation1,
whereCSBisthecorrelationgeneratedthroughtheSBCapproach,SistheBOLDtimeseriesofthe
seedandBistheBOLDtimeseriesofaselectedvoxel.
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Theselectionoftheseedhasanimpactontheaccuracyofthegeneratednetwork.Achangeinthe
selectionofseedmayresultindifferenttypesofnetworksandcontributeconsiderablytotheanalysis
results.Eventhoughthecarefulseedselectionisessentialtoobtainaccurateresults,thesimplicity
andthefacilenessoftheimplementationmakesthisapproachoutperformstheothertechniquessuch
asclustering,PCAandgraph-basedmethods.HencetheSBCmethodiswidelyusedtogenerateand
exploretheDefaultModeNetwork(DMN)inmanyotherneurologicaldisorderidentificationand
analysisstudies(Wenetal.,2018;Parida,Dehuri&Cho,2015).

Feature Considerations
RegionalHomogeneity(ReHo)isameasurementofbrainfunctionalitiesbasedonvoxelsofthebrain
regions,thatevaluatesthehomogeneitybetweenthetimeseriesvaluesofeachvoxelanditsclosest
neighbours(Sato,Hoexter,Fujita&Rohde,2012).Thiscomputationdependsontheassumption
of,essentialandinnatebrainactivitiesarepresentedasagroupofvoxelsratherthanasinglevoxel.
Kendall’scoefficientofconcordance(KCC)hasbeenusedtoevaluatetheequivalencebetweenvoxels
anditsnearestneighbours(Omidvarniaetal.,2016).Basedonthesesimilaritymeasurementsof
voxel’sBOLDsignals,ReHoprovidessignificantinformationaboutregionalbrainactivitieswithin
thebrain.InordertoextracttheReHofeatures,theKCCiscalculatedforeachbrainvoxelandmaps
ofvoxelsaregeneratedusingtheobtainedKCCvaluesandstandardizedforanalysis.Asanindex
forthebrainactivities,ReHomeasuresarewidelyusedfortheanalysisofresting-statefMRIdatato
measuretheactivationofbrainregionsfortheidentificationprocessofdifferentpsychiatricdisorders
(Zang,Jiang,Lu,He&Tian,2004).

Sincelowfluctuationsaresignificanttoobtainthecorrelationbetweenbrainregionsandresting-
statenetworks,themagnitudeofthosefluctuationscanvaryamongsubjectsandthebrainregions.
Thus,FractionalAmplitudeofLow-FrequencyFluctuations(fALFF)(Zouetal.,2008)isusedto
quantifytheamplitudeofthoselow-frequencyoscillations.fALFFisafractionoftheamplitudesum
offullfrequencyrangeobservableinaspecifiedsignal.fALFFidentifiesthevariationsinamplitude
powerbetweensubjectsandconditions,whichissensitivetothenoise.fALFF,asafeatureextraction
method,specifiesacalculationofvoxelbyvoxelofBOLDsignal’slowfrequenciesspectralpower.
SomestudiesobservedthatchildrenwithADHDshowchangesinfALFFcomparedtocontrolsas
theyinvestigatedfALFFasareliablebiomarkerforADHD(Satoetal.,2012).

Data Augmentation
Dataaugmentationenablesgeneratingamassivenumberofimageswiththeuseoftheavailable
imagesapplyingdifferenttransformationtechniques(Hussain,Gimenez&Rubin,2017),regardless
oftherareusageofdataaugmentationinmedicalimageclassification,canincreaseinspecificityand
sensitivity.Also,dataaugmentationtechniquesprovidedataconsistencyjustifyingtheirhypothesis
ofusingafixeddurationwitharelativelyshortsequenceandhavingaconsistentdimensionindata
(Maoetal.,2019).
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Related Studies
EEGandfMRIdatahavebeenwidelyusedfortheclassificationprocessofADHDbasedonmachine
learninganddeep learning techniques (DeSilva et al., 2019a;Meedeniya&Rubasinghe,2020;
Lenartowicz&Loo,2014).Thefunctionalityofthebrainstructurewaseffectivelyreviewedusing
neuroimageswithitstemporalandspatialresolutionfordiagnosisofvariouspsychiatricdisorders
includingADHD.Astudyhas(Maoetal.,2019)introducedanovelideabasedongranularcomputing
forfMRIdatawhichalsoexploredthefusionofbothspatialandtemporalgranularityoffMRIimages.
The3DConvolutionNeuralNetwork(CNN)wasusedwithspatialfeaturedatafromfMRIimages
andanothermodelofrecurrentneuralnetworkandfeaturepoolingwasdevelopedforcomparison
of results. Then the proposed solution method was extended to learn spatial and temporal data
simultaneouslyusing4DCNNapproachwhichhasobtainedhighperformance.

ManystudieshaveusedfALFF,ReHoandindependentcomponentanalysis(ICA)mapsfeatures
fortheeffectiveunderstandingofneuroimagedata(Songetal.,2011;Zou,Zheng,Miao,Mckeown
&Wang,2017).Additionally,differentcombinationsofReHo,Resting-StateNetworks(RSN)and
ALFFhaveexperimented(Miao&Zhang,2017).ItwasidentifiedthatReHoandALFF,givemore
classifyinginformationwithlimitedaccuracyandthecombinationofReHo,ALFF,andRSN,features
haveshownanaccuracyof67%.Anotherstudy(Hao,Yin&He,2015)hasusedDeepBayesian
Network (BN)byusingbothBayesiannetworkandDeepBeliefNetwork (DBN) toexecute the
dimensionalityreductiontoextractthefeaturesfromtherelationshipsandobtainedanaccuracyof
66.3%byapplyingSVMclassifier.Multimodalfeatureswithmulti-kernellearninghavealsobeen
usedforMRIandfMRIdatawithgreymatterprobability,corticalthicknessandReHofeatures(Dai,
Wang,Hua&He,2012).

Table1showsthedifferentlearningmodelsusedbyseveralrelatedstudies.Theseclassification
techniquesincludeSupportVectorMachine(SVM),ExtremeLearningMachine(ELM),Bayesian
Network(BN),DeepBeliefNetwork(DBN),FullyConnectedCascadeArtificialNeuralNetwork(FCC
ANN),ConvolutionalNeuralNetwork(CNN),GaussianNaiveBayes(GNB),LinearDiscrimination
Classifier(LDC)andk-NearestNeighbour(kNN).Mostoftheconsideredstudieshaveuseddeep
learningtechniques,duetothecapabilityoflearningcomplexrelationshipsandcreatinggeneralize
models.FewhaveappliedkNNasithasthelimitationsofconsideringhomogeneousfeaturesand
sensitivitytooutliers.

ThealgorithmofELMonstructuralMRI(sMRI)toaffordanaccurateobjectiveclinicaldiagnosis
to classify ADHD. ELM and SVM learning algorithms were comparatively applied to ADHD
classification(Pengetal.,2013)toobservehigheraccuracyandhigherperformanceamongthese
twolearningalgorithms.Theyhaveshownanaccuracyof90.18%fromtheELMwith0.57kappa
scoreandnestedcross-validation.AsanimprovedversionofthefeatureconsiderationinfMRIdata
(Kuangatal.,)wasobservedwithfrequencyfeaturesusingthebrainactivationforeachvoxelorthe
brainareaofinterest.Theirworkhasgivenpromisingresultsandnarroweddownthefeaturespaceto
thebrainareasofinterest.However,thisfeatureextractionmethodologyhastheinheritedimbalance
oftheDBNintheapplicationoffMRIdata(Kuangetal.,2014b).

Neural networks such as ANN, CNN have become a popular feature selection method for
medicaldata(Meedeniya&Rubasinghe,2020).Theyperformwellinthedomainofthemedicinal
imaginganalysis,ratherthantheconventionalfeatureselectiontechniquessuchasDWFS,FDT,and
FCBFS.Arecentstudy(Meraj,Yaakob,Azman,Rum&Nazri,2019)showsthatCNNoutperforms
theothermachine learning techniquessuchasmulti-layerneuralnetworks,decision trees, fuzzy
logic,andgeneticalgorithms.AclassificationmethodbasedonArtificialNeuralNetwork(ANN)
fordistinguishingADHDfromnormalgroupsanditssubtypeshasbeenproposed(Deshpandeet
al.,2015).Severalneuralnetworktopologieswerecomparedtoenhancetheclassificationcapability
andtoobtainthebestarchitecturewithbroadgeneralizationabilitytoperformwell.Comparedto
theMultilayerPerceptron(MLP),theSingleHiddenLayer(SHL)hasovercomethedifficultiesin
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MLPwiththeuseofanonlinearmappingsystem.Theyhaveshowntheaccuracyof90%and95%
betweenADHDandnormalgroupsandbetweenADHDsubtypesrespectively,usingFCCANN.

A previous study has used an fMRI dataset, which is already preprocessed using C-PAC
softwarepipelinetoshowtheeffectofDMNregionsforADHDclassification(Ariyarathneetal.,
2020).ThisstudyhasextractedfeaturesbasedonSBC, thatmeasure thefunctionalconnectivity
amongtheseedsandotherbrainvoxels.TheyhaveconsideredtheDMNregionsPosteriorCingulate
cortex(PCC),LeftTemporoparietaljunction(LTJ),RightTemporoparietaljunction(RTJ),Medial
PrefrontalCortex(MPC).TheCNNbasedclassificationhasshownaccuraciesintherangeof84%-
86%fordifferentDMNregions.Further,anotherapproachforADHDclassificationusingfMRIis
presentedin(Rubasinghe&Meedeniya,2020).Thisworkhasalsousedthefunctionalconnectivity
measurestotheobtaincorrelationbetweenthebrainregions.Theyhaveconsideredtwodatasets,
oneforADHDandtheotherforASD(AutismSpectrumDisorder)andevaluatedtheclassification
resultsusingasetoflearningmodels.Mainly,theyhaveshowntheneedforagenericneuroscience
decisionsupportsystemtosupportthediagnosisprocesswithdifferentclassificationtechniquesand
diversefMRIdatasets.

SySTEM DESIGN 

ThesystemofADHDidentificationhasbeendesignedbyusingfMRIdatafromtheADHD200-Global
Competition(Bellecetal.,2017).TheoverviewoftheproposedsystemADHD-Care_v2isshown
inFigure1.Normalization,band-passfiltering,motioncorrection,co-registration,andslicetiming
correction are the techniques that areused topreprocess the fMRIdata (DeSilva et al., 2019a;
Meedeniya&Rubasinghe,2020).Spatialnormalizationisappliedtoidentifythedifferencesbetween
fMRIdatabycomparingtheimagevolumes.Therecognizedvariationsofshapesareminimized
bywrapping,squeezingandstretchingimagesofthebrainformotioncorrectionusingSPM12tool.
Insomeimages,thepositionofthebrainmaybeimprecisewhenheadmotionhappens.Thus,with
theuseofco-regressiontoalignbrainimagesspatially,motioncorrectionadjuststhepositionofthe
images.Toreducetimevariationsbetweenslicesastherecanbedelaysinhundredsofmilliseconds
betweenacquiredslices,slicetimecorrectionisused.

Thefeatureextractionwasdonebyusingthispreprocesseddata.TheSBCisusedasthefeature
extractionandselectionmechanism.ThefeaturesofReHoandfALFFweretakentotheprocessof
featureextractionandselectioninrelatedstudies(Zouetal.,2017),whichobtainedasignificant
accuracy.Thus,thisstudyalsoconsideredReHoandfALFFfeaturesfortheclassificationprocess

Table 1. Related work in learning models

Technique  
Related work 

SVM ELM BN DBN FCC 
ANN

CNN GNB LDC kNN

ELMbasedclassificationofADHD(Pengetal.,2013) X X

4DCNNBasedADHDclassification(Maoetal.,2019) X

ADHDclassification(Kuangetal.,2014a;Kuangetal.,2014b) X

DiscriminationofADHDusingDeepBayesianNetwork(Hao,
Yin&He,2015)

X

FCCANNforADHDclassification(Deshpande,Wang,
Rangaprakash&Wilamowski,2015)

X X

ADHDprediction(Satoet.al,2012) X

ADHDclassificationusingfMRI(Rubasinghe&Meedeniya,
2020)

X X X

ADHDclassificationwithSBC(Ariyarathneetal.,2020) X
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ofADHD.SincefMRIimagesarein4Dformat,off-the-shelfCNNarchitecturescannotbeused
for4Ddata.Afterthefeatureextractionprocess,withinthedeeplearningmodel,theprocessed4D
fMRIimagesaretransformedinto2Dimages.Also,dataaugmentationisperformedtoincreasethe
sizeofthedataset.TogenerateadeeplearningmodeltoclassifyADHD,CNNhasbeenusedasthe
classifierinourstudy.

Further,modelevaluationtechniqueswereappliedtoachieveacceptableaccuracy.Theaccuracy
iscalculatedforthegeneratedmodelsastheevaluationisdonewithdifferentneuralnetworkswhich
consistofhiddenandfullyconnectedlayerswithvariousactivationfunctions.Inordertoobtainhigh
accuracy,someimageprocessingmethodsareyettobeusedtonormalizetheimageandreducethe
dimensionalityasthedatasethashighdimensionality.Finally,theclassifiermodelwasgenerated
afterseveralevaluationstoaccuratelyidentifyADHDwiththefMRIdata.

METHoDoLoGy

Materials
ThisstudyhasusedtwofMRIdatasetsthatarereleasedbytheADHD-200GlobalCompetitionfrom
theNeuroBureau(Bellecetal.,2017).Thedatasetisbasedon40participantsbetweentheagesof
8–21from4datacentresnamely,NewYorkUniversity(NYU),PekingUniversity(Peking-1)and
KennedyKriegerInstitute(KKI),OregonHealthandScienceUniversity(OHSU)andUniversity

Figure 1. System overview of ADHD-Care_v2
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ofPittsburghdatacentres.ThetotalnumberoffMRIimagesineachdatasetis40,thatcontains10
participantdatafromeachofthe4datacentres.Thus,bothdatasetsrepresentthedataofthesameset
ofparticipantsandobtainedfromthesamedatacentres.Thedatasetwascategorizedintotwomain
groupswith20ADHDpositivesubjectsand20healthysubjects.Thefirstdataset,D1,consistsof
un-processedraw4DfMRIdata.Theseconddataset,D2,isthecorrespondingpre-processedresting-
statefMRIdatausingConfigurablePipelinefortheAnalysisofConnectomes(C-PAC)open-source
softwarepipeline(Ashburneretal.,2014).ThedatasetD2hasalreadypreprocessedusingslicetime
correction,intensitynormalization,temporalfiltering,spatialsmoothing,motionscrubbing,volume
realignment,skullstrippingandfunctionalco-registration.D2wasextractedusingEchoPlanarImages
(EPI),whichisafasttechniquetoacquireimages.

Both preprocessed 40 4D fMRI datasets are converted into 2D images before the learning
processtocomplywiththe2DCNN.Inthisprocess,each4DfMRIimageisnormalizedtogenerate
60slicesas2Dimagesusingmed2imagepythonlibrary.Thedataaugmentationprocessisbasedon
2400fMRIimages.Then,withthe3typesofaugmentationtechniques,thedatasetisincreasedupto
7200images,whichistheinputtotheCNNmodel.ThevisualizationofthesefMRIimagesisshown
inFigure2.ThefirstrowshowsadatainstanceforADHDpositiveandthesecondrowshowsan
instanceofnon-ADHDsubjects.Duringthisstudy,thedatasetD1ispreprocessedusingtheSMP12
softwareapplication.TheresultsobtainedusingthedatasetD2,areusedtovalidatetheproposedpre-
processingapproachwiththerawdatasetD1andtoidentifytheoptimalfeatureextractionmethods
suchasSBC,ReHoandfALFF.

Data Pre-Processing
TherawimagesoffMRIdatawerepreprocessedbyapplyingrealignment,slice timecorrection,
normalization, coregistration and smoothing techniques (De Silva et al., 2019a; Meedeniya &
Rubasinghe,2020).ThepreprocessingwassupportedbySPM12softwarefortheperformanceof
differentspatialfunctionalities.SPM12isfree,open-sourcesoftwarethatissupportedbyMATLAB
backgroundfortheimplementationofStatisticalParametricMappingwhichisusedtoanalysethe
spatiallyextendedprocesses.

Initially,thefMRIimageswererealignedtomatcheachimagetomaintaintheconsistencyand
adheretoabrainimagetemplatebytransformingandrotatingtheimages.Assubjectstendtomove
during thescanningprocess, it ispossible tohavedifferentmovementartefacts.Thismaycause
variouslocationalmismatchesintime-seriesimages.Also,thesemismatcheswilladdextranoise
totheimagedatabyreducingitssensitivity.Transformationsaredonebyminimizingthesquared
differencesbetweenimageswhichreducesacostfunction.

Slicetimecorrectionwasperformedbyaligningthedataandshiftingitssignalphasebylinear
interpolationgiveninEquation2.Thismakestherelevantdataoneachslicecorrespondtothesame
timepointwhereX

t
new referstothecorrectedslicetimeattimet, ∆ referstothechangeofthe

correction. It is performed by shifting each voxel’s time series to appear as they were acquired
simultaneously.Aseachsliceintheimagevolumeisnotacquiredatthesametime,thetimedifferences
mayoccurwithintheorderofacquisitionofslices.Theslicetimecorrectionadjuststheimagevalues
tomakeallthebrainvoxelstoappearastheywereprocessedinthesametimeduration.

X X X
t
new

t t
= −( ) −( )( )1 1∆ ∆  (2)

Thebrainimageswerenormalizedtoreducetheimpactoftheshapeeffectofthebrainwhich
variesfromonesubjecttoanother.EachvolumeofthefMRIimageswascomparedtoidentifythe
differences.Inthenormalizationprocess,eachbrainimageisadjustedaccordingtoatemplatebrain
imageofthefirstsubjectanatomicallywhichensuresthatthespatiallocationsareconsistentacross
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theentiredataset.Noisereduction,extractionandthesegmentationofthebrain,correctionofbias
have also performed on fMRI brain images under image normalization. Various tissue sections
weresectionedforsegmentationandthevaryingintensitydissimilaritieswereremovedunderbias
correction.The imageswerecoregisteredusing thesamesubjectusing image interpolationsand
transformations.Thisprocessenablesaligningstructuralandfunctionalimagescorrectlywhichis
effectiveinlow-resolutionimageswhereanatomicaldetailsaregiven.

Finally,theprocessedimagesweresmoothedbyincreasingthesignal-to-noiseratioandaveraging
ofinter-subjects,byapplyingaGaussiankernelandconvolvingtheimagewiththekernel.Thisfurther
removesanatomicaldifferencesbetween imagesbyaveraging thebrainvoxelwith theweighted
sumsofitsclosestvoxels.TheimpactofdenoisingtechniquesusingSPM12preprocessingforthe
classificationaccuracyisgiveninTable2,intheEvaluationSection.

Feature Extraction
The feature extractionprocess isused toderive informativevalues and reduce the redundancies
priortotheuseoflearningmodels.Thisapproachconsidersthreemainfeatures:fALFF,ReHoand
SBC,forfMRIfeatureextraction.TheconnectivityinDMNbrainregionsisextractedusingSBC,
whichisaneffectivemethodtoidentifythefunctionalconnectivityofthebrainbymeasuringthe
correlationoftimeseriesofdifferentbrainregions.Wehaveusedtherawdataobtainedfromthe
NeuroBureau(Bellecetal.,2017),whichisthenpreprocessedusingSPM12,andfedforthefeature
selectionprocess.Additionally,wehaveusedthealreadypreprocesseddataofthesame,obtained
fromC-PAC,forthevalidationprocess.

Figure 2. Pre-processed fMRI Echo Planar Images (EPI)
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SBC Feature Extraction
First,theSBCfeaturesareextractionprocessisdescribedasfollows.Here,thepre-processeddata
isused tocalculate thecorrelationsconsidering theDMNregionsas theseedsseparately,using
SPM12software.TheconsideredDMNregionsincludethePosteriorCingulatecortex(PCC),Left
Temporoparietaljunction(LT),RightTemporoparietaljunction(RT),MedialPrefrontalCortex(MPC).
ThefMRIBOLDsignalsaresubjectedtotheapplicationofaregionradiusof8mm,alowpassfilter
of0.1Hz,highpassfilterof0.01Hztoreducethenoiseandcleanthedata.Thesefrequencyranges
areselected,asthesmallerhighorlowpassfiltersreducethenoise,further.Thismaskextractstime
seriesfromthefMRIdatatogeneratethecorrelations.

ThealgorithmforSBCcalculation,consideringtheentireDMNregionisshowninAlgorithm1.
Inordertocalculatetheseed-basedcorrelation,thepre-processedresting-statefMRIdatasethasbeen
usedastheinputsandthealgorithmreturnsthecalculatedcorrelationvaluesbasedonthedefinedseed
regionsoftheconsideredbrainregions.Eachofthedatasamplesisiteratedthroughthisalgorithm
startingbyextractingfunctional(lineNo4)andconfounds(lineNo5)fromthedatasample.The
functionaldatareferstotheBOLDsignallevelineachofthevoxels,whichservesasthemaindata
contributionfortheanalysis.Confoundsrefertonon-neuralfluctuationsinducedbytheenvironmental
factorssuchasheadmotion,equipmenterrors,noiseetc.foreachsubject’sfMRIimages.

Inordertofurthercorrectthepre-processeddataduringthecorrelationcalculation,theconfounds
areconsidered.TheregionsofinteresthavebeenchosenastheDMN,wheretheADHDsubjectshave
shownsignificant-highactivitycomparedtothecontrolgroups(Metinetal.,2015).Furthermore,
basedontherelatedstudies(Uddinetal.,2008),PCC,MPC,RTJ,LTJregioncoordinateshavebeen
usedastheseedsintheDMNregion(line6).Thus,theseDMNregioncoordinatesareconsidered
astheseedsforthecorrelationextractionbetweentheseedregionandremainingbrainareas.The
coordinatesweremappedintotheMNIspace.Thenaseedbrainmaskeriscreatedusingthedefined
seeds(line7).Inthisstudy,aradiusof8mmhasbeenusedasempiricalresultssuggested.Thus,the
seedmasker,whichsummarizesseedtimeseriesvaluesisusedtoextracttime-seriesdatafromfMRI
imageswithinaconsideredspherearea,accordingtothegivenradiustoavalueof8mm.



Thenforeachofthedatasamples,theseedbrainmaskisappliedandextractedthedatainthat
DMNregionfromthevoxel-widetimeseriesofthepre-processeddata.Thisisusedtocalculatethe
seed-basedcorrelationinalaterstage(line11).Apartfromtheseedmasker,awhole-brainmasker
isdefinedtocapturethebraindatainanormalizedmanner(line9).Themeanvaluesforthederived
timeseriesdataareextractedforDMNregionsafterremovingtheconfoundvalues.
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Thetimeseriesofeachofthesemasksareusedtocalculatethecorrelation,wherefMRIrepresents
atemporalbehaviour,whichiswell-expressedbyatimeseries.Thesameprocedureisfollowedto
extractabrain-widetimeseries.Next,theseed-basedcorrelationhasbeencalculatedbytakingthedot
productofthesetimeseries(line11),suchthatcorrelatingtheseedtimeseriesvalueswitheachbrain
voxelsignals.Afisher-ztransformationisappliedtonormalizetheobtainedcorrelationvalues.The
derivednormallydistributeddataandthecorrelationsarestoredasanewfMRI,whichthendirectly
fedintoCNN.AsbrainimagingisusedfortheclassificationsupportedbyaCNN,thenormalized
correlationvalueshavebeenconvertedtoneuroimagesapplyingthebrainmask(line13).Thisprocess
preparesthepre-processeddataandextractsthefeaturesselectedbytheareasofinterestofthebrain.

Moreover,theproposedalgorithmanalysestheunderlyingtimeseriesproducedinfMRIdatathan
theotheravailablemethodologies.Sinceseveralmaskingapproacheshavebeenused,thefunctionality
isuseful,comparedtotheotherhand-craftedfeatureslikefALFF,ALFF,ReHo.Further,thiscouldbe
improvedbyconsideringdifferentregionsalongwiththeDMNregion,bysupportingmulti-regional
seed-basedcorrelationcalculationtoinfermoreimprovedresults.

AsampleofthecorrelationimagesisshowninFigure3.

ReHo Feature Extraction
Next,theKendallcoefficientofconcordanceisusedfortheReHofeatureextraction,bymeasuringthe
brainactivityusingfMRIdata.Itisapurifyingmethodfortheclustersfoundinthebrain,followed
byanapproachsimilartothek-nearestneighbourmethod,wherethesimilarityismeasuredbythe
Kendallcoefficient,asgiveninEquation3.ThismethodmeasuresthesimilarityofasetofBOLD
signals,whichgeneratesasimilaritymatrixasamap.TheusageofReHomapsintheclinicalpractice
hasbeenacceptedincludingADHDdiagnosis(Zouetal.,2008).
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Figure 3. Seed -based correlation of PCC region
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whereRiistherankoftheBOLDsignal,RisthemeanofthetimeseriescalculatedbyR=((n+1)
K)/2towhichthevoxelbelongs,Kisthenumberoftimeseriesmeasuredintheconsideredcluster
andnisthenumberofranks.

fALFF Feature Extraction
ToextractfALFFfeatures,theBOLDsignalisconvertedtothefrequencydomainwithoutanyband-
passfilterandcalculatethesquarerootofeachfrequencyofthepowerspectrum,whichissensitiveto
thenoise.Thenthesummationofthelow-frequencyrange(0.01–0.08Hz)iscalculatedanddivided
bytheentirerange,toextractfALFFfeatures.ThecorrespondingReHomapsandfALFFmapsfor
thealreadypre-processeddataareavailablefromtheADHD-200competitionrepositoryintheNeuro
Benrowebsite(Bellecetal.,2017),whichareusedtovalidatethisapproachinSection5.

Data Augmentation
Thedeploymentofadeeplearningmodelrequiresasufficientamountofdata.Thus,dataaugmentation
isappliedforthe24002Dimages,byapplyingthethreetechniques:randomrotation,heightshift
augmentation,andhorizontalfliptechniques(“ImagePreprocessing-KerasDocumentation”,2019).
WehaveusedthepythonlibraryKerasfordataaugmentation.Sincethe2Dimagesaregenerated
consideringafixeddurationforeachofthesubjects,theconsistencyofthedataispreservedwith
theapplicationofdataaugmentation.

The results of the data augmentation methods are shown in Figure 4. The visualization of
augmentedimagesdescribestheapplicationofrandomrotation,heightshiftoftheoriginalimages
alongwithhorizontalflipping.Thisenablesincreaseddatasizeandhavingexposuretothecombination
ofdifferenttypesofimagesthatmayappearinthetrainingdataset.

Apartfromthebasicaugmentationmethods,priortotheapplicationtotheconstructedCNN
model, few other advanced data augmentation techniques were applied including rescaling and
zooming.Therescalingisappliedtonormalizethecolourrangeoftheimagesinto0to1from0
to255scale,whichbecomestoohighforthemodeltohandle.Zoomingisappliedtochangethe
aspectratiooftheimageprovidingmorevarietyofimages.Thesetechniquesareperformedduring
thelearningmodeltopreventoverfittingofthemodel.Inthisstudy,dataaugmentationmethods

Figure 4. Data augmentation techniques applied
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havebeenappliedtopreventoverfitting.Thistechniquealsoenablesthedataconsistencyoverthe
trainingandtestingdatasets.

Convolutional Neural Network
Aneuralnetwork isgeneratedwithaconvolution layerwithakernel sizeof3*3 tosupport the
extractionoflocalfeaturesinthebrainimagesduringthetraining.Asmallerkernelsize3*3wasused
sincetheobtained2Dimagesweresmallerinsize.Thisenablesextractinglocalfeaturesefficiently.
Theoriginalimagesareofsize64*64with32featuremapsineachofthe8layers.Tocapturethe
complex,smallerfeaturesineachlayer,withhighaccuracyfromthelearningmodel,wehaveused
32filterstoenhancethetrainingthatenablesgenerating32featuresmaps.

As the activation function, rectified linear unit, which is denoted as ‘Relu’ is used. Relu is
usedintheintermediatelayersoftheCNN,sinceitconsumeslesstimetocomputeandeventually
converges.Withthesimilarspecificationofthefirstlayerand64filters,thesecondlayeriscreated
andamax-poolinglayerof2*2poolsizeisadded.Adropoutrateof0.25wasusedtoflattenand
regularizethenetworkmodel.Here,itisusedasmallerdropoutratecomparedtootherlayers,since
itislesseffectivefortheresultandessentialinthefeaturemapgeneration.

Thefifth layer isadenselayerof128unitswhichwillchangethedimensionsof thevector
complyingtotheresult.Thisisusedtofinalizethefeaturemapsfollowedbythe‘Relu’activation
function.Here,thefeaturemapsarecompleted,andahighdropoutratewillnothighlyimpactthe
classificationresult.Thus,toavoidoverfitting,adropoutrateof0.5isadded.

Then,2unitsofthedenselayersareaddedtoenabletheclassification.Sincethisstageiscloser
tothefinalstage,itisnotnecessarytoapplymoredenselayers.Finally,theneuralnetworkiswrapped
withthesoftmaxactivationfunctionwasaddedtoselectthemostprobablevaluefromthegenerated
probabilityvaluesbytheCNN.ThearchitectureisshowninFigure5andFigure6.

Althoughsuchadeepneuralnetworkcanextractfeaturesbyitself,thevisualizationofthose
featuresisunpredictable.Itaffectstheconsistencyofthefeaturesetsincetheimagesaregenerated
inthe2Dformatforeachvolumebasedonthecorrelation.Thus,itpromisestheconsistencyand
coherenceofthefeatures,whileprovidingvisualizationcapabilities.

Alearningmodelaimstominimizethedifferencebetweenthepredictionsandtheactualresult,
whichisdenotedasthecostfunctionofamodel.Generally,theresultofamodeldependsonthe(1)
learningrate,(2)thenumberofimagesand(3)thevalidationtechniqueused.Theiterativemachine

Figure 5. Convolutional neural network architecture

Figure 6. Convolutional neural network modular architecture
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learningalgorithm,gradientdescentwithappropriateoptimizersupportstoachievethisaimofthe
neuralnetwork.Accordingly,toenablefasttrainingandoptimizedlearning,anadaptivelearning
rate isderivedfromtheRMSPropoptimizationalgorithm(Ruder,2016).Thus,gradientdescent
supportsageneralizedalgorithm tooptimize theweightsandminimize thecost function,hence
betterpredictionaccuracy.

Asthevalidationtechniqueforthemodel,thetrain-testsplitof2:1asused.Moreover,avalidation
generatorisusedtosplitthetrainingdatafurtheras0.2fromthetrainingset.Thisvalidationdataset
ispopulatedbeforetheshufflingoftrainingdata.Theimportanceofthisvalidationdatasetisthat
aftereachepoch,itwillusethisvalidationdatasetforevaluatingthelossandaccuracyofthemodel.
Thispreventsfurtheroverfittingthatwouldbecausedbyadjustmentsofweightsinthetrainingtime.

RESULT EVALUATIoN

Experiment Setup and Result Analysis
ThisaimofthisstudyistoidentifyfMRIdatapre-processingandfeatureextractiontechniques,that
willresultinhighclassificationaccuracyusingCNN.Wehavedefinedseveralprocesscombinations
tocomparetheresultsobtainedfromtheun-processedfMRIdatausingSPM12andthecorresponding
pre-processeddatausingC-PAC.Recallfromthematerialssubsection,thedatasetD1,consistsof
un-processedraw4DfMRIdataandthedatasetD2,isthecorrespondingpre-processedresting-state
fMRIdatausingC-PAC.Also,theevaluationincludestheclassificationaccuracycomparisonbased
ondifferentfeatureextractionmethodsincludingSBC,fALFFandReHo.Wehaveconsideredprocess
combinationstoemphasisetheneedforpre-processinganddecidetheoptimalfeatureextraction
methods,asfollows:

Task1-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,feature
extractionwithSBCandthenperformCNN

Task2-TakeD2,pre-processedfMRIimagesusingC-PACastheinputandapplySBCandthen
performCNN

Task3-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,feature
extractionwithbothReHoandfALFF,withoutSBCandthenperformCNN

Task4-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,feature
extractionwithonlyReHoandthenperformCNN

Task5-Task4-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,
featureextractionwiththeonlyfALFFandthenperformCNN

Task6-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,feature
extractionwithallthreetypesandthenperformCNN

Task7-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,feature
extractionwithbothSBCandReHo,andthenperformCNN

Task8-TakeD1,unprocessedrawfMRIimagesastheinputandpre-processusingSPM12,feature
extractionwithbothSBCandfALFF,andthenperformCNN

Task9-TakeD1,unprocessedrawfMRIimagesastheinputanddirectlyperformCNN,without
pre-processingorfeatureextraction

The metrics of the effectiveness of each of the process combinations are obtained by the
classificationresultsgeneratedthroughtheCNNmodel.Hencetoobtainaccurateresults,33%of
theentiredatasetforeachofthesecategorieswasrandomlychosenastestingdataforeachiteration.
The evaluationmetricswere selected as accuracy, specificity, and sensitivity.The accuracywas
measuredwiththetestsetseparatedearliersupportedbythevalidationsetduringthetrainingperiod.
Sensitivityandspecificityaretwoimportantmeasuresinmedicalapplications.Thesensitivityalso
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referredtoastherecall,whichistheproportionofactualADHDpositivesidentifiedamongtheactual
ADHDpopulation.Thespecificitymeasurestheproportionofcorrectlyidentifiedhealthysubjects
intheactualhealthypopulation.Thederivationequationsforspecificityandsensitivityareshown
inEquation5andEquation6,respectively.

Sensitivity
TruePositives

TruePositives FalseNegatives
=

+
 

    
 (5)

Specificity
TrueNegatives

TrueNegatives FalsePositiv
 

 

     
=

+ ees
 (6)

AsshowninTable2andFigure7,thepre-processingfromSPM12hasachieved85%accuracy
andsensitivityof72.80%provingthehighpre-processingqualityandtheeffectivefeatureextraction
usingtheSBCtechnique.Thetasksareorderedbasedontheobtainedaccuracyvalues,foraclear
understanding. For the evaluation purposes, we have selected the highest accuracy obtained for
consideredDMNregions.

Consideringtheselectionofthepre-processingtools,thevaluesobtainedwithbothC-PACand
SPM12,areinasimilarrage.Thatconfirmsthatthesetoolsarecompetentintheirpre-processing
methodologies.Moreover,Task9,theprocesswithoutpre-processingandfeatureextractionmethods,
hasgiventheminimumaccuracyvalues.Also,thecomparativesensitivityvalueoftheSBCapproach
ishigh.ThisshowstheapplicabilityineffectiveidentificationoftheADHDpositivesubjects.In
anotherpointofview,theotherselectedfeatureextractionmethods,fALFFandReHo,haveshown
anaverageclassificationaccuracyvaluesalongwithspecificityandsensitivitymetricsinthesame
range.Although,fALFFandReHomapsareusedasprominentfeaturesinextensiveresearch(Kuang
etal.,2014a;Satoetal.,2012),theresultsinTable2showstheeffectivenessofSBCinthefeature
extractionprocess.

ComparedtoTask1,whichhasusedtheSBCtechnique,theprocesscombinationtaskswith
fALFFandReHofeatureextraction techniqueshaveshownloweraccuracyvalues.Onepossible
reasonforhavinglowvaluescouldbethat,thesefeaturesareextractedconsideringthewhole-brain

Table 2. Processing results for different combinations

Task ID Dataset Processing technique

SPM12 Feature extraction CNN

SBC ReHo fALFF Accuracy Specificity Sensitivity

T1 D1 X X - - X 85.36% 66.54% 72.80%

T2 D2 - X - - X 83.40% 66.78% 70.22%

T3 D1 X - X X X 71.79% 63.22% 68.25%

T4 D1 X - X - X 67.30% 54.19% 60.22%

T5 D1 X - - X X 67.17% 55.22% 60.24%

T6 D1 X X X X X 67.12% 61.67% 65.53%

T7 D1 X X X - X 66.75% 61.22% 63.42%

T8 D1 X X - X X 64.75% 57.16% 59.35%

T9 D1 - - - - X 57.30% 49.88% 50.23%
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perspective,whereasSBCisgeneratedbyfocusingtheDMNregionthatithasfound(Metinetal.,
2015).SincethecombinationoffALFFandReHofeaturesarebasedonfunctionalconnectivity,it
canderivetheactualbraindynamicsconstructively.Thesecombinationtaskshaveshownasimilar
accuracyof67%andasensitivityof60%.Althoughtheseresultsareapproximatelyconfirmedby
therelatedstudy(Satoetal.,2012),theresultsobtainedfromthisstudyhaveachievedcomparatively
higheraccuracy.Moreover,thecarefuldesignofCNN,preventionofoverfittingimagesusingdata
augmentationtechniques,havingmechanismstohandlevarianceandbiasinfluencedbydifferent
datasourceshaveledtoobtaininghigheraccuracyvalues.

Further, the combination of fALFF and ReHo features have shown better accuracy values
comparedtofALFFandReHowhenconsideredseparately.Thisimpliedthatthecombinationof
fALFFandReHocanprovidehigherdiscriminativevaluethanconsideredseparately.Comparingthe
accuracyvaluesofallthefeaturecombinations,theSBCapproachhasexclusivelyperformedbetter
thanotherconsideredcombinations.

Analysis of Feature Extraction Process
InordertocalculatethecorrelationbetweentheselectedfeaturesoffALFF,ReHo,andSBC,statistical
techniques suchas spatialdistributionanalysis (Corteseetal.,2012)andacross-subjectanalysis
(Penberthyetal,2005)havebeenused.Thisprocesswas suggested for the identificationof the
relationshipbetweenmetabolismandresting-statefMRIdata(Aielloetal.).Astheinitialstepofthe
spatialdistributionanalysis,theobtainedfeaturemapswerenormalizedusingSpearman’scorrelation
coefficient(Xiao,Ye,Esteves,&Rong,2016),andthencalculatedthemeansofeachfeaturevoxel-
wise.TheappliedequationsofSpearman’scorrelationandthemeanmapsarelistedinEquation4

Figure 7. Accuracy, specificity and sensitivity of the results
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Where, x referstothemeanofthefeaturevalueofallbrainvoxelsand x
i
referstothefeature

valueforthevoxeli.
Sincethisspatialdistributioncanintroduceabiasgeneratedbythesubjectvariation,another

statistical technique was used to improve the obtained correlation values between features. The
across-subjectsanalysiswasperformed,andmultimodalcorrelationwascalculatedbyconsidering
theSpearman’scorrelationcoefficientandthemeanmapsdefinedbythespatialdistribution.We
havecorrelatedandanalysedtheresultsoffeaturesselectedbythethreealgorithmsSBC,ReHo,and
fALFF.TheobtainedcorrelationresultsareshowninFigure8.

Asthecalculatedcorrelationresultsportray,thecorrelationbetweenfALFFandReHoisthe
highest.Inturn,itmeansthatfALFFandReHobehaveinthesamewayconsideringthewhole-brain
connectivity.Ontheotherhand,SBCconsideringtheregionalconnectivityspecificallyhasbeen
correlatedwithfALFFandReHofeatureslesser.Further,SBCandReHohaveahighercorrelation
comparedtoSBCandfALFF,sincebothfeatureshavefocusedontheregionalactivitytoacertain
extent.IntheReHofeatures,allregionsofthebrainhavebeenstudiedwhileSBChasnarroweddown
itsfocusintotheareaswhereADHDsubjectshavereportedhighactivity.Thiscorrelationoutcome
hasbeenillustratedandverifiedinthesamemannerintheobtainedresultsintheapplicationofCNN.

Result Comparison with Different Classification Algorithms
Since fMRIdata consistsof a setofneuroimages, it isnot alwayspossible touse classification
algorithmssuchasdecisiontree,randomforest,J48.Althoughsomeoftherelatedstudieshaveapplied
theselearningmodelsfortheclassificationprocess,theyhaveusednon-neuroimagingdatasetssuchas
questionnairedataorotherclinicalinformative(Brihadiswaranetal.,2019;Meedeniya&Rubasinghe,
2020;Haputhanthrietal,2019).Thus,wehavecomparedtheproposedCNNarchitecturewithother
existingpre-trainedCNNmodels,asshowninTable3.

Inthisstudy,wehaveconsideredtheconvertedseed-basedfeaturedimagesfrom4Dto2Dimage
datasetforclassificationpurposes,whichisbasedontheun-processeddatasetD1.Therefore,the
CNNbaseddeeplearningapproachwasusedfortheclassificationofneuroimagestorecognizethe
patternsofchangesinBOLDsignalindifferentDMNregions.TheCNNmodelwasdesignedwith
7layersincludingfullyconnected,maxpoolingandconvolutionlayers.

Theefficacyofthedesignedlearningmodelarchitecturewascomparedagainstotheravailable
pre-trainedCNNmodelssuchasResNet50andVGG16tofurtherverifytheeffectivenessofthe
selectedCNN layered architecture.The classificationof fMRI imageswas also comparedusing
theSVMlearningmodeldesignedwithCNNarchitectureasitgivesabetterpatternrecognition
mechanismafterCNN.SomeoftheexistingstudieshavealsousedSVMforfMRIclassification
(Rubasinghe&Meedeniya,2020).TheobtainedresultsshowthatthedesignedCNNarchitecturehas
giventhebestclassificationaccuracyfortheconsideredfMRIdataset,comparedtootherpre-trained
modelsandSVMasinTable3.

DISCUSSIoN

Main Contribution of the Study
ThekeyfocusedareasofthisstudyarefMRIdataprocessing,featureextractionandclassification
tohaveanaccuratemodelforADHDidentification.Thestudywasabletoidentifyoptimaldata
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processingtechniques,whileobtainingtheprominentfeatureextractiontechniquesbyexperimenting
withseed-basedcorrelation,ReHoandfALFF.Furthermore,CNNmodelwasusedastheclassification
model,consideringtheDMNregionafterseveralevaluationsforallthetechniquesintheconsidered
process.CNNlearningmodelalongwiththefeatureextractionmethodofseed-basedcorrelation
acquiredanaccuracyof85.36%forpre-processeddatabySPM12and83.4%forpre-processeddata
byC-PAC,asshowninTable2andFigure7.

Figure 8. Correlation between ReHo, fALFF and SBC features

Table 3. Comparison of results with different learning models

Learning model  
Feature  
(any other 
detail)

Accuracy Specificity Sensitivity

ResNet50(ResidualNetwork) SBC 67.06% 55.12% 68.11%

VGG16(ACNNbyVisualGeometryGroup,Oxford) SBC 68.13% 56.44% 69.54%

SVM(SupportVectorMachine) SBC 67.51% 52.11% 66.48%

CNNwithSBC SBC 85.36% 66.54% 72.80%
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Result Comparison with Related Studies 
TheproposedstudyfocusedonADHDidentificationusingfMRIdatabyextractingthemostprominent
featuresoffALFF,ReHo,andSBCtogettheregionalactivitiesinthebrain.DMNwasusedtostudy
theabnormalactivitieswhileusingthatDMNregionwithSBCtoextractfeatures.Thenoveltyof
thestudyismoreemphasizedbypre-processingfMRIrawdataandtheoptimalfeatureextraction
methodology.Moreover,theCNNmodelthathasbeenusedasthelearningmodel,wasabletodrive
anaccuratemodelwiththepre-processedandfeatureextractedfMRIdata.Asanextensiontoour
previousstudyonADHDidentificationusingeyemovementdatawitharule-basedapproach(De
Silvaetal.,2019b),andADHD-Care_v1usingthepre-processedfMRIdatawithCNNtechnique
(Ariyarathne,2020),inthisstudy,wehaveimplementedtheADHD-Care_v2whichfocusesmainly
onun-processedfMRIdatafortheADHDidentificationusingCNN.

Table4statesthecomparisonoftheproposedstudywiththerelatedwork.Theconsideration
of different feature types of fMRI data is used to identify the important aspects such as spatial
distribution(Corteseetal.,2012),region-wiseanalysis,andthecomplementaryandnovelfeature
exposure.Corticalfeaturesspecifytheconnectivitypatternsofsensoryareasinthehumanbrain.
Thespatialandtemporalfeaturesconsistofspatialdependenciesbetweenvoxelsandtherelatedtime
componentsofthefunctionalMRIdata,respectively.Connectivityfeaturesincludethecorrelation
measuresbetweendifferentbrainregions.Frequencyfeatureindicatestheselectionofthehighest
frequencyofthevoxelintheBOLDsignalrecordedasfMRIdataafterconvertingfromthetime
domaintothefrequencydomain(Kuangetal.,2014b).

Amongthefeaturesfoundintherelatedstudies,corticalfeaturesrepresentingthebrainstructure
havebeenfocusedonbothPengetal.andDeshpandeetal.Apartfromthatspatialfeaturesfocusing
onthespatialdistributionofthebrainareas,Maoetal.andKuangetal.havebeenusingdeepbelief
networksand4DCNNfordifferentexperimentalsetups.ThesestudieshavebeenusedELMandFCC
(FullyConnectedCascade)ANNastheclassificationmethodandobtainedhighaccuracyvalues,
buthavenotbeenabletonarrowdowntheareasofinterestwhicharefoundtobehighlyactivein
ADHDsubjects.Sincethedeeplearningmethodsarenotrepresentable,havingaspecificationofthe
areaofinterestisvitalinmedicalimaginganalysis.

Asanotherapproach,thebrainneuralconnectivityhasbeenstudiedbytheneuralactivityin
Satoetal.usingfMRIdata.TheyhaveusedSVMclassifierbyconsideringdifferentcombinations
offeaturessuchasReHo,fALFFandRSN.Consideringdifferentcombinations,theyhaveshown
a classification accuracy of 67%. Seed based approach with CNN classification for main DMN
regionsthatareactivatedinADHDsubjectswasimplementedasapriorversion,ADHD-Care_v1
(Ariyarathneetal.,2020).Inthatstudy,anaccuracyof85.21%wasobtainedfortheMPCregionwith
asensitivityof72.80%.Additionally,Rubasinghe&Meedeniya,haveshownsimilarclassification
accuracyvaluesusingdifferentlearningmodels;however,itislimitedwithcustomizableclassifiers
(Rubasinghe&Meedeniya,2020).

TheproposedmethodologyusingSBCinthispaperhasbeenabletoaddressmostoftheissues
inthepreviousworkincludingtheconsiderationofbrainregionsofinterestotherthanthewhole
brainaspect,applicationofdataaugmentationtoeliminateanyimbalanceinthedataset.Moreover,
thisstudyisbasedonanensemblemodelconsistsofallDMNregions.Anaccuracyof85.36%was
obtainedwiththeassignmentoftheappropriateweightsforeachDMNregionmodelaccordingto
theaccuracyvaluesobtainedforeachDMNregionalmodel.Thus,thesolutionwasabletoachieve
highaccuracysupportedbyabove-averagesensitivityandspecificityvalues.Moreover,oneofthe
maincontributionsoftheproposedstudyistoshowthattheseed-basedcorrelationisoneofthe
optimalfeatureextractiontechniqueforfMRIclassificationinADHDidentificationprocess.The
resultsshowthattheproposedmethodology,basedonseed-basedcorrelationsofmainDMNareas,
hashighperformancecomparedtotheotherfeaturesandpriorworks.Bothpre-processingapproaches
forfMRIdatawithC-PACpre-processingpipelineandSPM12haveobtainedsimilarvalueswitha
slightdifferenceinaccuracy,specificity,andsensitivity.Also,theclassificationwithpre-processed
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datahasshownhigheraccuracycomparedtotheuseofrawdatawithoutapplyinganypre-processing
techniques.

Further,FCCneuralnetworkarchitecturesareboundtobeoverfittingwithoutaproperwayof
handlingoverfittingissues.Therecommendedpracticesincluderegularizationanddataaugmentation
(Cogswellet.al,2015;Xu,et.al,2019).AlthoughtheworkpresentedbyDeshpandeetal.,hasused
anFCCarchitecture,andobtained90%accuracyvalue,ithasahigherpotentialofoverfittingwithout
theusageofthetechniquessuchasregularizationanddataaugmentation.Incontrast,theproposed
solutionofthispaperhasusedCNNwithafinallayeroffullyconnectedlayer,whereasDeshpande
et.al.haveusedacascadingarchitectureoffullyconnectedlayers.However,usinganarrayoffully
connectedlayersinaneuralnetworkisboundtobeoverfitting(Xu,et.al,2019).Further,topreventthe
overfitting,inthisproposedsolutionwehaveusedL2regularizationanddataaugmentation.Because
ofthattheoverfittingofthepresentedmodelhasbeenlimited,(Jaiswalet.al,2018;Takahashiet.al,
2016)andwasabletoachieve85.36%accuracy.

Future Research Directions
AsthisstudyismainlybasedontheDMNbrainregion,thiscanbefurtherimprovedbyexploring
differentbrainregionswiththeun-processedfMRIdata.Furthermore,ADHDsubtypeidentification
canalsobedoneasafuturework,whichwillbeanextensiontoourstudy.AlthoughonlyfMRIdata
isconsideredfortheproposedADHDidentification,thisresearchcanbeextendedtoaframework
thatcaninputotherpsychophysiologicalmeasuressuchaseyemovementdata,EEG,structuralMRI.
Moreover,suchdatasourcescanbeexperimentedbycombiningwithfMRIdata,whichwillbea
novelfutureworkintheresearchfieldofADHDidentification.Thus,thisapproachcanbeextended
toagenericframework(Meedeniya&Rubasinghe,2020),thatsupportstheclassificationofdifferent
psychophysiologicaldatarelatedtoneurologicaldisorders.However,acquiringappropriatedatasets
withthecorrectlabellingofdisordertypesandalargenumberofdatasetsaresomeofthechallenges
associatedwithhealth-careresearchduetodisclosureofpersonaldata.Further,theclassification
accuracyandperformancecanbe improvedbyapplyingDeepProbabilisticProgrammingbased
approachestoprocessmedicalimages(Rubasinghe&Meedeniya,2019).

Table 4. Comparison of results with related studies

Related work on ADHD 
classification  

Classification 
Technique

Feature Type Results

Cortical 
features

Spatio 
temporal

Connectivity 
features

Frequency 
feature

Accuracy 
(%)

Specificity 
(%)

Sensitivity 
(%)

(Pengetal.,2013) ELM X 84.73

(Maoetal.,2019) 4DCNN X 71.30 73.20 69.70

(Kuangetal.,2014a) DBN X 72.73

(Deshpande,Wang,
Rangaprakash&

Wilamowski,2015)

FCCANN X 90.0

(Satoet.al,2012) SVM X 67.0 68.00 46.20

(Rubasinghe&
Meedeniya,2020)

SVM,NB,
KNN

X 86.00

(Ariyarathneetal.,2020) CNN PCC 84.84 65.22 71.12

LTJ 85.05 66.31 72.23

RTJ 84.62 64.12 70.85

MPC 85.21 66.41 72.80

ProposedADHD-Care_v2
model

3DCNN X 85.36 66.54 72.80
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CoNCLUSIoN

Theadvancementofmedicalimageprocessingsupportsimmenselytoanalyseclinicaldata.ADHDisa
chronicpsychiatricdisorderresultinginbehaviouralissuesthataffectsocialinteraction,communication
andleadstomanyothercomorbiddisorders.Hence,earlydiagnosisofADHDisimportanttoreducethe
riskofhavingseveresymptoms.ThispaperhasaddressedfMRIimageprocessing,featureextraction
andclassificationapproachthatenablesaccurateADHDsubjectclassification.Mainly,thisstudyis
basedonidentifyingtheoptimaldataprocessingandfeatureextractionmethodsbasedonseed-based
correlation,ReHoandfALFFforCNNbasedlearningmodelthatconsiderstheentireDMNregion
coordinates.Theclassificationaccuracyforaseed-basedapproachusingpre-processedbySPM12
andC-PAChasobtained85.36%and83.4%forselectedDMNregions,respectively.

ThisworkcanbefurtherextendedbyappraisingdifferentnetworksotherthanDMNsuchasa
motornetworktoderivetheseed-basedcorrelations.Theproposedsolutioncanbefurtherdeveloped
toidentifytheADHDsubtypes;inattentively,impulsivityandhyperactivity.Indatasetspointofview,
acombinationofdifferentdatasourcessuchasEEG,eyemovementdata,structuralMRIcanbeused
togetherwithfMRIdatatoacquirebalancedsensitivityandspecificityvalues.
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