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Abstract

The increasing incidence of Alzheimer's disease (AD) has been leading towards a signifi-

cant growth in socioeconomic challenges. A reliable prediction of AD might be useful to miti-

gate or at-least slow down its progression for which, identification of the factors affecting the

AD and its accurate diagnoses, are vital. In this study, we use Genome-Wide Association

Studies (GWAS) dataset which comprises significant genetic markers of complex diseases.

The original dataset contains large number of attributes (620901) for which we propose a

hybrid feature selection approach based on association test, principal component analysis,

and the Boruta algorithm, to identify the most promising predictors of AD. The selected fea-

tures are then forwarded to a wide and deep neural network models to classify the AD cases

and healthy controls. The experimental outcomes indicate that our approach outperformed

the existing methods when evaluated on standard dataset, producing an accuracy and f1-

score of 99%. The outcomes from this study are impactful particularly, the identified features

comprising AD-associated genes and a reliable classification model that might be useful for

other chronic diseases.

Introduction
Alzheimer'sdisease(AD) is themostprevalentkind of dementia,accountingfor 60±70%cases
of dementia[1]. It impairsmemory,thinking, conduct,andoverallcapacityto do everyday
taskssuchaseatingandbathingetc.Theillnesscangenerallybeclassifiedinto two subcatego-
ries:early-onsetAlzheimer'sdisease(EOAD) andlate-onsetAlzheimer'sdisease(LOAD) [2].
TheEOADisalmostentirelyageneticdiseasewith heritability rangingfrom 92%to 100%[3]
wheretheaffectedfirst-degreerelativesaccountfor 35%to 60%of EOADpatients.Usually,
theEOADpatientsexperiencetheir first symptomsbetween30and65yearsof age,with the
majority of EOADpatientsdiagnosedbetweentheagesof 45and60years[4]. In contrastto
EOAD,theLOAD affectselderlypeople(usuallyover65yearsof age)andhasa90±95%occur-
ring of theAD in overallcases[5]. LOAD appearsto beamorecomplicatedillnessinducedby
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geneticaswellastheenvironmentalfactors.For instance,Genomewideassociationsstudy
(GWAS)of AD reported44single-nucleotidepolymorphisms(SNP)associatedwith the
LOAD [6]. Likewise,ApolipoproteinE(APOEe4)hasbeencommonlyIdentifiedasarisk fac-
tor to LOAD [7]. While theseworksidentify someimportant factorsassociatedwith the
LOAD, thegeneticarchitectureof thediseaseandits predictionremainsamystery.Dueto
lackingcurefor AD, identifyingthespecificgenesthataremainly involvedin theillness'spro-
gression,will helpphysiciansfor theearlydiagnosisof disease,andthereforewill helpin moni-
toring andpreventionof thedisease.

Recently,varietyof computationalstrategieshavebeenproposedfor improving thediagno-
sisor identificationof novelgenecandidatesassociatedto AD. For instance,GWASinvestiga-
tions[8] areawell-recognizedmethodfor finding genomicareasof interestfor many
commoncomplicatedillnessesandphenotypes.Theexperimentsaredistinguishedbyanalys-
ing information acquiredfrom largepopulationsizecomprisinghighnumber(i.e.,over100K)
of loci (i.e.,SNPs)acrossthehumangenome.A variationatspecificloci couldleadto changes
in biologicalfunction whichmaycauseanillness.Suchvariationcanbedetectedbyanalysing
genotypesproducedfrom peoplewith andwithout thecharacteristicof interest[9].

Theliteratureaddressesavarietyof approachesfor assessingSNPsusceptibilityin GWAS
whereeachSNPisevaluatedindividually [10] however,it is identifiedthatonly asmallpro-
portion of theSNPshavemajor impactson thecomplicateddiseasefeatureswhile,majority of
theSNPsindicatedlow penetranceindividually [11]. On theotherhand,manyprevalent
humanillnesseshavebeenlinked to intricateinteractionsbetweennumerousSNPsandis
referredto asmulti-locusinteractions[12].

In addition to conventionalapproachesfor theGWASanalysis,MachineLearning(ML)
algorithmshavebeenutilisedfor identifying theSNPsthatareassociatedto avarietyof ill-
nesses.Particularly,theML approachesprovedto beresilientwhendealingwith solvingthe
non-linearproblemsinvolvinghighdimensionaldatasetssimilar to GWASdatausedin this
study.In theliterature,ML techniqueshavebeenusedin threemajorareasin thedomainof
genome-wideassociationstudies[13]. Firstly,to developclassificationmodelsto distinguish
betweencasesof diseaseof interestandhealthycontrols[14±17].Secondly,to developML
modelsto discovernewgeneticmarkersassociatedwith aparticulardiseasesuchasAD [18±
20].Thirdly, ML hasbeenutilisedto find theSNPsinteractionsthat influencetheemergence
of commonhumandiseases[21±23].Thefundamentalaim for usingML in thesestudiesis to
generatepredictionmodelsthatmaximisetheclassificationaccuracybetweencasesandcon-
trols.However,thecomputationalbarrierof havinghundredsof thousandsof markersfrom
GWASdatawhile fewersamples(i.e.,datarecord)remainsachallenge[13].

Thisproblemhasbeenresolvedusingeffectivefeatureselectionmethodsaimingto identify
themostinformativevariablesfrom theavailablefeaturespace.For instance,study[24] inves-
tigatedthefeasibilityof utilising randomforests(oneof popularML algorithm)for feature
selectionandclassificationon GWASdata.Thefindingsfrom thiswork suggestthat feature
selectionprior to datapartitioning into training andtestingsets,producedamodelwhich is
susceptibleto overfitting.In [25], thestudyproposediGnet,adeeplearningmodelfor AD
classificationthat involvestwo datasetscomprisingMRI andgeneticinformation.Their model
combinescomputervisionapproachto analysetheMRI scansandnaturallanguageprocessing
to analysethegeneticdata.TheproposedmethodwasevaluatedoverADNI datasetindicating
83.78%classificationaccuracywhileemployingMRI datawith selectedSNPsfrom chromo-
some19.Similarly,Sethietal.[26] presentsaML modelcomprisingconvolutionneuralnet-
work (CNN) for automatedfeatureextractionandsupportvectormachines(SVM) for
classificationtask.Themain focusof thestudywasto developahybrid ML modelfor
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classificationof AD usingMRI datafrom ADNI. Thehybrid modelachievedbetteraccuracy
(i.e.,88%)whencomparedwith CNN alone,with anincrementof 2.9%in themodelaccuracy.

While theaforementionedworkshighlight theassociationsbetweengeneticmarkersand
AD, thereareseverallimitationswith theseapproaches.Firstly,conventionalmethodsare
impracticalto handlethenon-linearityof thecomplexrelationships(within theGWASdata-
set)for thepredictionandclassificationsof AD. Secondly,featureselectionandoptimization
in theexistingworks,isnot performedin awayto beusefulfor thehumanexperts(e.g.,physi-
cians,healthprofessionalsetc.)to understandthesignificantsetof SNPs/featuresamongthe
largeamountof featurespace.Likewise,theuseof deeplearningmodelslimits theexplain-
ability of ML modelwhich isnot understandablebyhumanexperts.

In contrast,weproposenovelwideanddeeplearning-basedapproachesto classifyCogni-
tivelyNormal (CN) andAD individuals.In thefirst step,weconductanassociationtestto
selectthemostsignificationSNPsinfluencingthedisease,followedbyahybrid featureselec-
tion approachto reducethenumberof featuressubstantially.Wethenuseanewlyproposed
approachof neighbouringSNPsselection,to produceafinal setof SNPswhicharethenused
for thetraining of wideanddeeplearningclassificationmodelsfor CN andAD subjects.
Major contribution of theproposedwork include:

a. Developingahybrid dimensionalityreductionapproachtowardsidentificationof themost
distinguishingfeatures,leadingto robustclassificationperformance.

b. ProposeaneighbourSNPsselectionapproachto testtheimpactof neighbourSNPsover
theclassificationaccuracy.

c. Proposeawideanddeeplearningmodelsfor classificationof individualsinto CN andAD.

d. Extracthumanunderstandablerulesfrom thetrainedensemblemodel,to servefor the
machinelearningmodel'sinterpretability.

Remainingof thismanuscriptisorganisedasfollows.Section2 presentsthematerialsand
methodsproposedin thisstudy.Section3 comprisestheexperimentaldesignwhileSection4
entailstheresultscorrespondingto theexperimentaldesignalongwith thediscussionsabout
thestudyoutcomes.

Materials and methods
Theproposedapproachfor AD classificationentailsacompositeof dataprocessing,feature
selection,andmachinelearningalgorithms.Wefirst performqualitycontrol to ensureonly
high-qualityfeaturesandsamplesareincluded.In thesecondstep,logisticregressionisused
to testtheassociationof eachfeaturewith AD. Theprocesseddatasetis thenforwardedfor fea-
tureselectionusingahybrid approachcomprisingPCAandBorutaalgorithms.Thesetof
identifiedfeaturesarethenusedto train ML modelsfor AD classification.Fig1showsthe
overallmethodologyof proposedAD classificationwheredetailedimplementationfor each
componentispresentedasfollows.

Dataset
Datasetusedin thisstudyisobtainedfrom theAlzheimer'sDiseaseNeuroimagingInitiative
(ADNI) database.TheADNI [27] waslaunchedin 2003asapublic-privatepartnershipwith
primary objectiveto testwhethertheserialmagneticresonanceimaging(MRI), positronemis-
siontomography(PET),otherbiologicalmarkers,andclinicalandneuropsychologicalassess-
ment,canbecombinedtogetherto measuretheprogressionof mild cognitiveimpairmentand
earlyAD.
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TheADNI databasecomprisessetsof variablesincludinggenetics,demographicsandclini-
caldata,MIR, andPETimages.To fulfil theobjectivesof proposedstudy,GWASdatafrom
ADNI1 isaccessedwhereindividualswith CN or AD werechosen.A totalof 388subjectsare
identifiedproducing174casesand214controlsin theproposedwork.

Thedatasetoriginally ispresentedin plink file formatwith threefiles:`bim',`bed',and`fam'
files.In `fam'file, subjectcharacteristicsarerecorded.While SNPs(features)characteristicsare
storedin the`bim' file including location,name,andallelerepresentation.Finally,`bed'files
containmachinecodesthatareunreadableto humansandcomprise8-bit codesrepresenting
thegenotypecodesaswellasmaptheinformation betweenfamandbim files.In thisstudy,we
useSNPsasfeaturesto classifytheindividualsinto CN or AD cases.Table1showsthestatistics

Fig 1. A graphical representation of proposedapproachfor AD andCN classification. FirstblockrepresentsthePLINK analysisin
whichqualitycontrolprocedureandassociationtestisconducted.Secondthegenotypedataconvertinto one-hotrepresentation.Third
featureselectedutilizing BorutaandPCAalgorithms.Finally,AD classificationisperformedusingthedifferentfeaturesets.

https://doi.org/10.1371/journal.pone.0283712.g001

Table1. Characteristicsstatisticsof Alzheimer'sdiseaseandnormal subjects.

Age(mean) Male/Female Yearsof Education(mode) MMSE(mode) APOE4(mode) ADAS11(mean) ADAS13(mean)

Cases 75.35 92/82 15 23 1 18.11 26.99

Controls 75.66 115/99 16 29 0 5.83 8.98

https://doi.org/10.1371/journal.pone.0283712.t001
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of thedataset,themeanagefor bothcasesandcontrolsaround75yearsold. theMini-mental
StateExamination(MMSE)is30-pointquestionnaireusedmeasurecognitiveimpairment,in
theutiliseddatasetamodescoreof 23pointsachievedbycases,whereasascoreof around29
achievedbycontrols.Table1 alsoshowsthatmostcasescarryat leastof copyof APOE4gene.

Quality control
To filter out unnecessaryinformation from bothgeneticmarkersandsamples,severaltech-
niqueshavebeenstudiedandusedin geneticdataqualitycontrol,with anemphasison SNP
data.Themethodsdescribedin thissectionarebestpractisesfor removingindividualsand
SNPtraits thatmight inducebias,impedeor masksignals,or producefalsepositiveresults
[28]. Thedatasetpreparedin theproposedstudyis reducedto arepresentativesetof SNPchar-
acteristicsandsubjectcohort thataremorelikely to exhibitunderlyinggeneticsignalsin con-
junction with thephenotype;byeliminatingsubjectsandSNPsthatdo not meetthe
requirementsimposedby theseprocedures.Originally,thereare6,20,901numberof SNPs
thatarereducedto 4,87,037SNPsusingoperationsdescribedin Table2.

Associationtest
In case-controlstudies,thefrequencyof allelesor genotypesatSNPdiffersbetweencasesand
controlsin aparticularpopulation.Weusetheassociationsteststo identify thestatisticallysig-
nificant variationsin thefrequencyof allelesacrossresearchparticipants.Theseallelesare
usedto testfor phenotypicrelationships.In otherwords,associationanalysisisasetof single-
locusstatisticalteststhat investigateeachSNPandits potentialconnectionwith acertaintrait
[29]. In thiscontext,logisticregressionisoneof thecommonmethodswhichhasbeenusedin
similarworks[30,31] for studyingeachSNPindividually andcapturingthelinearassociations
betweenSNPsandphenotypes.AnalysisGWASdataischallengingdueto thehighdimension
of featureswhich,comprisehundredsof thousandsof SNPs.To overcomethis,weutilisean
associationtestfor eachSNP,producingsignificanceof association(i.e.,p-value)with AD.
GWAS[32] utilisesanapproximationwheresignificantrelationshipshaveap-valuelessthan
5��10�8 , evenif agreaternumberof geneticvariantsareexamined.Suchstatisticallymeaningful
resultscanonly beobtainedbystudyinglargesamples(about1000individualsor more).

Table2. Quality control procedureappliedfor both samplesandgeneticmarkers.

Filtering approach Description ThresholdUsed

SNPsmissingness MissingSNPsin alargepercentageof theIndividuals
areexcluded.

0.02genotyping rate

Individuals' missingness Individualswith ahigh rateof genotypemissingnessare
excluded.

0.2genotypingrate

Sexdiscrepancy Checksexof individualsdependingon their X
chromosomehomozygosity

An estimateof theX chromosomehomozygosity > 0.8for malesand<0.2 for
females.

AutosomesChromosomes Only selectingSNPsof 1 to 22Chromosomes -

Minor allelefrequency SNPsaboveaminor allelefrequencythresholdare
included.

0.05dueto samplesize.

Hardy±Weinberg
equilibrium (HWE)

SNPsthatdeviatefrom HWE areexcluded. SNPsarefirst filteredout within thecontrolsfor HWE p-valuesof 1e-6,then
in casesfor HWE with p-valueof 1e-10.

Relatedness Generatesalist of personswith relatednessdegree
greaterthanaspecifiedthreshold.

employ0.2pi-hat threshold.
After includingonly founders,threepairswerediscovered. Weeliminatethe
personwith thelowestcall rate.

Populationstratification Individualsfrom differentpopulationspresentin the
study.

Only non-Hispanic Europeanparticipantschosen.

https://doi.org/10.1371/journal.pone.0283712.t002
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Therefore,wehaveselectedtop 1000SNPsaccordingto thelowestp-valueof logisticregres-
sion.On agenomicscale,Manhattanplotsdepictthep-valuesof wholeGWAS(seeFig2).The
Pvaluesaregivenin genomicorderbychromosomeandchromosomallocation(x-axis)
wherey-axisvalueshowsthelog10of thep-value.In addition to Manhattanplot, theQuan-
tile-Quantile(QQ) plot isagraphicaldepictionof theobservedp-values'divergencefrom the
null hypothesis:observedp-valuesfor eachSNPareorderedfrom biggestto smallestand
shownagainstpredictedvalues.If theobservedvaluesmatchthepredictedvalues,all points
landon or nearthecentreline connectingthex- andy-axes(null hypothesis:redline in Fig3).
Thereforethedataisnormallydistributed.

Followingtheassociationtest,thegenotypedatais transformedto binaryrepresentation
usingone-hotcoding[33] andusedasinput to featureselectionalgorithmsandML models.
Genotypesof eachSNPisconvertedinto athree-dimensionalvectorreplacing̀ 1'for thegeno-
typeand0 for theothertwo asshownin Fig1.Asanexample,vector[CC,CT,TT] is trans-
formedinto [1,0,0],[0,1,0],and[0,0,1],respectively.

Featureselection
LargedatasetssuchasGWAS,havebeengainingpopularityin humandiseaseresearchhow-
ever,multi-attribute analysisandcomplexinter-relationshipswithin multi-dimensionaldata-
sets,aredifficult to beperformedusingconventionaldataanalysisapproaches.Such
challengeslimit theusefulnessof thesedatasets.To overcomethischallenge,featureselection
hasbeenreportedusefulparticularlyfor thedimensionalityreductionin suchdatasets.The
reducedsetof featurespreservingthemaximumproportion of information from theoriginal
featurespace,isusefulfor thesimplicityof machinelearningmodel.Asaresult,it is increas-
ingly usedin manyreal-worldapplications,suchasgeneanalysis[34], to obtainrelevantfea-
turesbyeliminatingtheuselessandredundantinformation.Thisfurthermorereducesthe
computationalandstoragecostsandimproving themodel'slearningperformance[35].

For thefeatureselectionanddimensionalityreductionin proposedwork,wefirstly con-
ductedanassociationtestusinglogisticregression(asdescribedin SectionAssociationTest)
to calculatetheassociationof eachSNPswith theAD. Thetop 1000SNPsbasedon corre-
spondingsignificancevalues(i.e.,p-value)areretrievedfor further analysis.Theselected1000
SNPsarethenfeedto acompositeof featureselectionapproachesthat includePrincipalCom-
ponentAnalysis(PCA)[36] andBorutaalgorithm[37], whichhasbeenusedin varioussimilar
domains[38,39].Detailsof eachfeatureselectionmethodispresentedin thefollowing
sections.

a) Principal componentanalysis. Principalcomponentanalysisisonethepowerfulsta-
tisticalmethodwhichhavebeensuccessfullyemployedin variousresearchstudiesmainly,for
thedimensionalityreductionandfeatureselection[37]. Themain ideabehindPCAis

Fig 2. Manhattanplot of GWASbetweenAlzheimer's diseaseandnormal controls.

https://doi.org/10.1371/journal.pone.0283712.g002
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straightforward:reducethenumberof variablesin adatasetwhileretaininginformation as
muchaspossible.Thisentailsidentifyingnewvariablesthatarelinearfunctionsof attributes
in theoriginaldataset,maximisevariancesequentially,andareorthogonalto eachother.The
transformedvariablesareknownasprincipalcomponents(PCs)[40]. In our case,thecompo-
nent loadingsrepresentcorrelationcoefficientsbetweenSNPswheremaximizedsumof vari-
ancesof thesquaredloadingsis retrievedthroughthecomponents'rotations.Importance
measurefor thecorrespondingfeaturesin original space(i.e.,dataset)canbecalculatedusing
theabsolutesumof componentrotations[39]. Thetop-ranked50features(out of 1000SNPs)
selectedby thePCAalgorithms(asmostimportant) areshownin Fig4,including rs12498138
locatedon geneGOLGB1,rs4072374locatedin geneRNASEH1,rs2309772in TENM3,
rs7005164,andgeneLOC105375901.

b) Boruta algorithm. TheBorutaalgorithmisawrappermethodthat isbasedon theRan-
domForest(RF)classificationalgorithm.TheBorutaalgorithmuseselectioncriteriafor
important factorsbyeliminatingvariablesthatarestatisticallyidentifiedaslessrelevantthan
randomprobesiteratively.Detailedimplementationof theBorutaalgorithmcanbefound in
study[37]. In theproposedstudy,SNPswith substantiallyhighscoresidentifiedby theBoruta

Fig 3. QQ plot of GWASbetweenAlzheimer's diseaseandnormal controls.Lambdaiscloseto 1whichmeansthe
pointsfallswithin theexpectedrange.

https://doi.org/10.1371/journal.pone.0283712.g003
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algorithmincludes:rs17365991geneTEF,rs8141950genePARVB,rs2654986geneLUNAR1,
andrs2036109geneADRA1A.A completelist of important featuresselectedby thealgorithm
ispresentedin S1Tablein S1File.

c) Hybrid featureselection. While bothPCAandBorutaalgorithmsarecommonlyused
for thefeatureselection,thefundamentalof mathematicalformulationsof bothalgorithmsis
different.Combiningtheoutcomesform bothalgorithmsmight beusefulto filter-out maxi-
mum numberof featureswhilesimultaneously,retainingmaximuminformation from the
originaldataset.For thispurpose,weperformahybrid featureselectionasacompositeof Bor-
utaandPCAoutcomes.In thefirst step,outcomesfrom both featureselectionalgorithmsare
sortedwith respectto featureranks(i.e.,featureimportance).Wethenselectedtheintersection
of 1st quartilesof features(i.e.,top 25%)thatareidentifiedfrom bothBorutaandPCAalgo-
rithms,producing121of mostsignificantfeatures.A completelist of thecommonlyselected
featuresispresentedin Table3.It canbenoticedthatsomeof thetop-rankedSNPslocatedin
genesarestronglyrelatedto AD suchasrs6116375on genePRNP,rs2075650on gene
TOMM40.

Theaforementionedfeatures(PCA,Boruta,andcompositeof both)arethenusedto train
andvalidatethemultiple ML modelsfor thetaskof AD classificationoverunseeninstances.

Fig 4. Top-ranked50features(out of 1000SNPs)selected asimportant , by the PCAalgorithm.

https://doi.org/10.1371/journal.pone.0283712.g004
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ProposedAlzheimer'sdiseaseclassification
Oncethemostpromisingfeaturesareidentifiedfrom theoriginaldataset,wethenemploy
multiple well-establishedclassificationmethods,to classifyAD that includeRF,artificial neu-
ral networks(ANN), anddeepANNs.For thedetailedexperimentalanalysis,weusevariations
of inputs(i.e.,featurecombinations)to selectedmodelsfor efficientclassificationof AD along
with identificationof significantsetof features.A detaileddescriptionof eachclassifierwith
respectto proposedwork, ispresentedasfollows.

a) Randomforest for proposedAD classification. Ensemblelearningisaneffectivetech-
niquefor combiningmultiple learningalgorithmsto improveoverallpredictionaccuracy.
Theseensembletechniqueshavetheadvantageof alleviatingtheproblemof smallsamplesize
byaveragingandincorporatingovermultiple classificationmodels,to reducethepossibilityof
overfitting thetraining data.Asaresult,thetraining datasetcanbeusedmoreefficiently,
whichis important in manybiologicalapplicationswith smallsamplesizes.Someensemble
methods,suchasRF,areparticularlyusefulfor high-dimensionaldatasetsbecausegenerating
multiple predictionmodels,eachwith adifferentfeaturesubset,canimproveclassification
accuracy[41].

Recently,RFhasbeensuccessfullyemployedin diverseapplicationareasfor bothclassifica-
tion [42] aswellasregressionproblems[43]. Generally,RFismadeup of severaldecisiontrees
with theprincipleof bagging,whichcombinestheoperationsof bootstrappingandaggrega-
tion. Bootstrappingrefersto theprocessof training eachdecisiontreeon asubsetof thetrain-
ing samples,utilizing asubsetof theoriginal features,ensuringthateachtreeisdistinct,which

Table3. List of final feature-setidentified assignificant usingthe intersection of selectedfeaturesfrom both PCA andBoruta algorithm.

rs6116375_CC rs10176603_TT rs7747741_GG rs4290760_CC rs16864809_TT

rs2654986_TC rs10031325_CC rs701880_CC rs11680332_GG rs7679260_CC

rs11768384_GG rs16889565_GA rs9296691_TC rs628482_GG rs9389952_TT

rs2075650_AA rs2877347_CC rs4953672_CC rs518385_TT rs10804812_CC

rs7342676_CC rs6114605_GA rs10068900_GG rs2577322_CC rs618236_CC

rs4964453_TT rs7618348_CC rs2834714_TT rs11869174_CT rs1945624_AA

rs10790928_TT rs9595108_CC rs6838005_CC rs11733633_AA rs2577322_TT

rs2208322_AA rs17068548_GG rs10514486_CC rs911892_TT rs7807731_TT

rs7519796_AA rs13211072_TT rs7149949_TT rs3812568_AA rs2136613_TT

rs10222715_TT rs6132022_TT rs2725790_CT rs799447_GG rs344783_TT

rs10793982_TT rs793291_AA rs11655031_TT rs17745021_CT rs1495813_CC

rs775879_GG rs3771389_CT rs2833427_CC rs13245564_GG rs9410486_GG

rs4837137_AA rs6695731_CC rs8007000_TT rs2305252_AA rs7096762_AA

rs1789250_AA rs10044783_CC rs17430865_CT rs4472075_AA rs2309777_GG

rs4868468_AA rs17345545_CC rs3815360_CC rs4793902_TT rs9515168_GT

rs11752811_TT rs871049_CC rs17430865_TT rs168825_GG rs6569364_AA

rs2075650_GG rs4953672_AA rs11922179_AA rs6838005_TC rs12988856_TT

rs2697303_AA rs2075650_GA rs1186685_TT rs775879_AA rs1891265_GG

rs362584_AA rs1479884_GG rs7320494_AA rs6903956_AA

rs8000805_GG rs11253696_AA rs7206002_GG rs12480224_AA

rs10879839_TT rs13135230_GG rs367369_TT rs2339298_TT

rs2286343_AA rs10888578_TT rs1328179_TT rs7413155_AC

rs939720_CC rs7999171_GG rs4689705_TT rs9595108_AC

rs7165661_TT rs12312628_CC rs705904_CC rs6929400_CC

rs2867922_TT rs10101666_TT rs9381936_CC rs268909_TT

https://doi.org/10.1371/journal.pone.0283712.t003
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significantlyhelpsin overcomingtheproblemof theclassifier'svariance.Within theaggrega-
tion step,theoutputof eachtreeisconsidered,andtheclasswith themajority votesfrom the
treesischosenasthefinal output.Furtherdetailson RFcanbefound in relatedwork [44]. Fig
5depictsasampleof singledecisiontree(with bootstrappeddatasample)from theproposed
RF-basedAD classificationmodel.

b) Deepwideartificial neural networksfor proposedAD classification. Similarto RF,
feed-forwardneuralnetworkshavebeensuccessfulin varietyof applicationswithin diverse
disciplines[45±47].It consistsof anetworkof linkedneuronswith linearor nonlineartransfer
functionsthatmaybeusedto analysisnonlineardatasuchasgeneticsin thisstudy.With only
two layersof neurons,afeed-forwardneuralnetworkmayestimatesensiblefunctionsto any
desireddegreeof precision.

Basedon thetheoreticalconceptsin [48], weemployaneuralnetworkswith gradient
descentoptimizationutilising thebackpropagationlearningapproachfor binaryclassification
problems.Theneuralnetworkisbuilt usinginput, hiddenandoutput layersthateachinclude
apredeterminednumberof units (neurons).Variousneuralnetworksarchitecturesare
employedin thecurrentwork:aWideNeuralNetwork(WNN) whichconsistof onehidden
layerwith alargenumberof neuronsandDeepNeuralnetwork(DNN) consistingof multiple
hiddenlayerswith smallernumberof neuronsin eachlayer.

Furtheringtheartificial neuralnetworkconcept,awideanddeepneuralnetwork(illus-
tratedin Fig6) isacombinationof adeepneuralnetworkandalinearmodelbasedon asmall
setof features.Deeplearningtendsto generalisedatapatterns,whereaslinearmodelshelpto
learnthepatterns.Thistypeof architecturehasbeenreportedusefulin similarworkssuchas
celltypeclassification[49] andrecommendersystems[50]. Thedeepcomponentof thenet-
work canhandlethehigh-dimensionaldata,whereasthewidecomponentemphasisesthebio-
logicalsignificanceof SNPsto AD, by integratingtheminto thenetwork'sfinal hiddenlayer.
For theproposedAD classification(asillustratedin Fig6), thefinal setof identifiedfeatures
(Table2) arefedto thewidecomponent.ForeachSNPidentifiedin Table2,weretrieved
neighbouringSNPswhicharethenservedasaninput to thedeepcomponentof thenetwork.

Fig 5. RandomForestsub-treesfor proposedAD classification usingGWASdata.Theinput to theRFis the
bootstrappedSNPsfeatures.In thefirst step(bootstrapstep)refersto theprocessof training eachtreein RFon a
subsetof thetraining samples.While in thesecondstep(aggregation step)theclasswith themajority votesfrom the
treesischosenasthefinal output (in aboveexample2/3votesarein favourof Normalcontrol).

https://doi.org/10.1371/journal.pone.0283712.g005
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Experimentdesign
Multiple experimentsareconductedusingtheidentifiedfeaturesviaproposedhybrid feature
selection(seeSectionFeatureSelection)from theADNI GWASdataset,to train theaforemen-
tionedAD classifiers(RF,WNN, andDNN). For thetraining andtesting,wepartition the
datasetinto 70%and30%respectively.Wefurther employthecross-validation(5-CV) for a
fair andreliableevaluationof theproposedAD classifiers'performances.Forall ML classifiers,
theoptimalsetof hyperparametersaredeterminedusingthetrial-and-errormethodandare
detailedin S2Tablein S1File.Qualitycontrol stepsandassociationtestareconductedusing
PLINK software[51] whileML algorithmsareimplementedusingScikit-learnpythonlibrary
[52]. PyPlinklibrary isusedto readthegenotypedatain python[53]. Finally,theneuralnet-
worksimplementationisperformedwith KerasandTensorFlowasbackend[54]. With these
configurationsandfeaturesets,followingsetof experimentsareperformedin theproposed
study:

Experiment1 (EXP1):Usingintersectionof 1st quartile(i.e.,top 25%)of featuresthatare
rankedfrom bothBorutaandPCAalgorithms.Thecombinedfeatureset(calledIntersec-
tion featureset)isusedto train ML algorithms(RF,WNN andDNN) in orderto find the
bestperformingGWASAD classifier.

Experiment2 (EXP2):Usingtop 25%of featuresrankedbyBorutaextractedasafeatureset
(calledBorutafeatureset)for theAD classificationusingRF,WNN andDNN algorithms.

Experiment3 (EXP3):Usingtop 25%of featuresrankedbyPCAextractedasafeatureset
(calledPCAfeatureset)for theAD classificationusingRF,WNN andDNN algorithms.

Experiment4 (EXP4):In orderto evaluatetheeffectof neighbouringSNPs,for eachSNPin the
interactionfeaturesset(EXP1),weretrievedtheSNPandneighbouringSNPs(6 from each
side)andconstructedanewfeaturespace,calledneighbouringfeaturesset.Usingfeatures
from EXP1asinput to thewidecomponentandneighbouringfeaturessetasinput to the
deepcomponentto train andtesttheproposedwideanddeepmodel(Asshownin Fig6).

Experiment5 (EXP5):Usingtop 25%of featuresof thelogisticregressionextractedasafeature
set(calledoriginal featureset)for theAD classificationusingRF,WNN andDNN
algorithms.

Fig 6. ProposedWide anddeepNN for AD classification usingGWASdata.

https://doi.org/10.1371/journal.pone.0283712.g006
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Performanceevaluation. Performancesof theAD classificationmodelsisevaluatedusing
severalstandardevaluationmetrics.Modelaccuracy(Eq1) describeshowwell themodelper-
formsacrossall classes.Usingprecision(Eq3),wedeterminehowmanypredictionsof posi-
tiveclassesareactuallypositive.Recall(Eq2),asopposedto precision,indicateshowmany
positivepredictionsweremissed.TheF-score(Eq4) iscalculatedbyaveragingprecisionand
recalldeterminingtheclassifier'saccuracy.Furthermore,ReceiverOperatingCharacteristic
curves(ROC)isusedasaperformancemeasurementof classificationefficiencyatdifferent
thresholds.With ahigherAreaUnder theCurve(AUC) value,themodelismoreeffectiveat
makingadistinctionbetweencases(i.e.,patients)andcontrols(i.e.,healthysubjects).Finally,
Precision-recallcurves(PR)showthetrade-offbetweenprecisionandrecallw.r.t.varying
thresholds.
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Results and discussion
Followingtheaforementionedexperimentalconfigurations,detailedstatisticalresultsandper-
formancemeasuresareretrieved.Particularly,thisstudyis first of its kind to identify and
extractthemostpromising(aswellassubstantiallyreducedin quantity)setof featureswhich
significantlycontributeto classificationof AD. Weidentify anumberof genesassignificantly
relatedto theAD thatarealignedwith relatedliteratureincluding rs6116375on genePRNP
[55], rs2075650on geneTOMM40 [56], rs10793982on geneLAMC3 [57], rs2208322on gene
NEURL1andrs7519796on geneKAZN [58], demonstratingtheefficacyof our featuresselec-
tion approach.Furthermore,weidentify someof thepotentialnovelSNPssuchasrs2654986
on geneLUNAR1,andrs2208322on geneNEURL1thataresignificantlyassociatedwith AD.
A completelist of thesignificantSNPsidentifiedin proposedstudyisavailablein Table3.

To evaluatetheeffectivenessof our featureselectionprocess,aRFclassifierandANN with
varyingparameterconfigurationsareemployedto classifytheAD patients.Theperformance
of theclassifiersispresentedin Table4 whenevaluatedovertheunseensubjectsusingfeatures
setdescribedin EXP1.It canbenoticedthat regardlessof selectedML model,highperfor-
mancemeasuresareachieved.WNN indicatesanaccuracyandf1-scoreof 94%and93%

Table4. Comparison of ML algorithmsfor classificationof AD andhealthyindividuals usingintersection fea-
turesselectedby Boruta andPCAfrom the top 25%(Exp1).

Model Accuracy Precision Recall F1

RF 89% 96% 81% 88%

Wide NN 94% 91% 98% 93%

DeepNN 93% 89% 96% 92%

https://doi.org/10.1371/journal.pone.0283712.t004
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respectivelyfollowedbyaDNN whichshowedaslightlydeclinein performance(i.e.,93%).
While RFindicatemoredeteriorationsin performancewith 89%accuracyand88%F1score,
whichis in line with theexistingsimilarwork [59], wherehigheraccuracyis reportedusing
ANN ascomparedto RF(for pretermbirth classification).Oriol etal.[15] employedRFin
classificationof AD andCN usingGWASdata,wheretheyreportedaccuracyof 67%(signifi-
cantlylowerthanproposedapproach).Similarly,RFwasnot thebestclassifierto discriminate
betweenAD casesandcontrolsasreportedin asimilarwork [60]. It isalsoimportant to note
theperformancebalancefrom WNN andDNN (in Table4) ascomparedto RF,whichindi-
catesmorebiasednesstowardstheprecision(96%)ascomparedto recall(81%).Theaccuracy
andlosscurvesof themodelsareavailablein S1andS2Figsin S1File.

Table5 summarisesoutcomesfor EXP2whereall classifiersindicatedsimilarperformance
whentrainedandtestedoverthetop-ranked(i.e.,1st quartile)featuresselectedbyBorutaalgo-
rithm. It canbenoticedthat theoverallaccuracyof eachmodelis increasedspecifically,the
WNN andDNN which indicate99%accuraciesfor unseeninstances.Thisclearlyindicatethe
effectivenessof selectedfeaturesaswellasthemodel'sconfigurations.

Table6 presentstheoutcomesfor EXP3wherethefeaturesidentifiedfrom PCAalgorithm
areusedto train theML models.It canbenoticedthatWNN andDNN modelsoutperformed
theRFproducingoverall96%and94%accuraciesascomparedto 84%from RF.Likewise,the
performanceclearlyindicatesthebalancebetweenrecallandprecisionwhich isnot thecase
for RF.Overall,in comparison,theRFdemonstratedanotablereductionin performance.

To assesstheimpactof theneighbouringSNPs(of theidentifiedmostimportant SNPs)
towardstheclassificationof AD, weevaluatedtheperformanceof WDNN classifierin EXP4
(Table8).Despitetheperformanceof WDNN issubstantiallyreduced(around80%)ascom-
paredto EXP1-EXP3,it isstill inline or outperformsmostof theexistingrelatedworksas
shownin Table8,particularlyin thedomainof GWAS.For thefinal experiment,wetestedthe
models'performancesovertheoriginaldataset(EXP5asillustratedon Fig1) beforefeature
selection(Table7). It canbenoticedthat theclassificationperformancefrom eachmodelis
nearlyasaccurateasin EXP2(Table4).Likewise,theRFindicatesabiasedperformancesin
termsof precisionandrecall.

ROCandPRcurveanalysisof the AD classifiers
Figs7and8 showtheROCandPRcurvesof theML classifiers'performancesin classifying
AD casesandnormalcontrols.FromFig7,wecanclearlyseethatWNN andDNN performed

Table5. Comparison of ML algorithmsfor classificationof AD andhealthyindividuals usingtop 25%features
selectedby Boruta algorithm (Exp2).

Model Accuracy Precision Recall F1

RF 92% 99% 84% 91%

Wide NN 99% 99% 99% 99%

DeepNN 99% 99% 99% 99%

https://doi.org/10.1371/journal.pone.0283712.t005

Table6. Comparison of ML algorithmsfor classificationof AD andhealthyindividuals usingtop 25%features
selectedby PCA algorithm (Exp3).

Model Accuracy Precision Recall F1

RF 84% 99% 68% 81%

Wide NN 96% 99% 92% 96%

DeepNN 94% 96% 91% 93%

https://doi.org/10.1371/journal.pone.0283712.t006
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similar in mostof theexperiments.WNN is themostsufficientclassierfor AD classification
reaching100%in termsof bothROCandPR(Fig7B)whentestedon featureselectedbyBor-
utaalgorithm(EXP2).In caseof classifiers'training evaluationovertheintersectionfeatureset
(i.e.,EXP1),aperformanceof 90%or overisachievedin termsof AUC for bothROCandPR
curves(Figs7A and8A).TheWDNN model(EXP4)showsan83%(Fig7D) and87%(Fig8D)
AUC for ROCandPR,respectively.Theseresultsindicatetheefficiencyof Borutaalgorithms
for featureselectionthatareusefulto detectandclassifytheAD in individuals.

Comparativeanalysis
Finally,Table8comparestheperformanceof proposedmethodwith existingsimilar
approaches,towardstheclassificationof AD basedon genome-widedata(SNPs).It isevident
thatour approachoutperformstheDecisiontress[60], CNN [61], ensemblemodels[15], and
LASSO[62]. Theproposedapproachshowsstableperformancethroughouttheevaluation
metricsincludingROC.Whereas,thedecisiontressutilisedin reference[60] showedan
increaseAUC of 11%comparingto themodel'saccuracy.Likewise,our work showsthesupe-
riority of Borutaalgorithmin selectingtheoptimalnumberof featuresandeliminatingthe
redundantSNPs,whichreflectsthehighperformancein theclassificationtask.Theresults
indicatethatBorutaalgorithmisbetterthanotherfeatureselectiontechniquessuchasstatical
techniquesappliedin [62]. Moreover,theproposedmodelusesonly 121featuresasinput to
theWNN ascomparedto state-of-the-artmethodssuchas[62] whichusesover500features,

Table8. Comparison of relatedwork in the literature.

AUC 91% 81% 72% 84% 94% 100% 83%

Prec 80% 91% 99% 79%

Recall 80% 70% 82% 99% 99% 89%

F score 80& 95% 99% 83%

Acc 80% 75% ~70 84% 95% 99% 83%

Feature
No.

145 4000 2500 501 121 747 121for wide
component and
4697for deep
component

Feature
selection

Previously
reportedSNPs
relatedto AD
from DiaGeNet
database.

Dividedthegenomeinto
nonoverlappingfragments,thenused
CNN to selectsegments.CNN was
run on theselectedfragmentsusinga
SlidingWindow Association Testto
identify important SNPs.

To find significantSNPs,
usedthestatisticalsummary
resultsfrom IGAP [23]. The
top 2,500SNPswerethen
chosenasthefinal feature
set.

UsingX2with
kinship
correction

Seesection
3.

Seesection
3.

Seesection3.

Dataset ADNI3 ADNI ADNI NIA-LOAD ADNI ADNI ADNI

ML
Model

Gradientboosted
decisiontrees

1D CNN Ensembleof ML models LASSO WNN
(EXP1)

WNN
(EXP2)

WDNN (EXP4)

Study [60] [61] [15] [62] Proposed
Model1

Proposed
Model2

ProposedModel3

https://doi.org/10.1371/journal.pone.0283712.t008

Table7. Comparison of ML algorithmsfor classificationof AD andhealthyindividuals usingoriginal featuresset
(Exp5).

Model Accuracy Precision Recall F1

RF 91% 99% 81% 89%

Wide NN 99% 99% 98% 99%

DeepNN 99% 99% 98% 98%

https://doi.org/10.1371/journal.pone.0283712.t007
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andCNN-basedapproachutilising 400features[61]. This leadsto alessnoisy,lighter,and
moreefficientmodelasproposedin thisstudy.Theidentificationof fewercontributing fea-
turesto AD maybeusefulto setabaselinefor further analysisanddirection in future research.

Discussion
Firstof all, to thebestof authors'knowledge,thestudyis first of its kind to examineGWAS
datausingawideanddeepneuralnetworkapproaches.Secondly,usingarelativelysmall

Fig 7. (a)ROC-AUCcurvefor EXP1,(b) ROC-AUC curvefor EXP2,(c) ROC-AUCcurvefor EXP3,d) ROC-AUC curvefor EXP4,(e)
ROC-AUC curvefor EXP5.

https://doi.org/10.1371/journal.pone.0283712.g007

Fig 8. (a)PR-AUCcurvefor EXP1,(b) PR-AUCcurvefor EXP2,(c) PR-AUCcurvefor EXP3,d) PR-AUCcurvefor EXP4,(e)PR-AUCcurve
for EXP5.

https://doi.org/10.1371/journal.pone.0283712.g008
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numberof identifiedfeatureset(only 121features)usingproposedfeatureselectionapproach,
theclassifyingmodelsachievedoutstandingperformance(Table4),whichrevealstherobust-
nessof our featureselectionmethodology.Furthermore,experimentaloutcomesshowthat
usingappropriateclassifiercanimprovetheaccuracybetterthanincreasingthenumberof fea-
tures(SeeTable5). In addition to performanceefficiency,experiments1,2and3showthe
strengthof neuralnetworksin theexistenceof complexrelationswithin thedataset.The
resultsdemonstratetheeffectivenessof our approach(e.g.,via thecrossvalidations)whichcan
beeasilyappliedto otherchronicaldiseasewherelargerGWASdatasetsareavailable.

Similarto otherrelatedstudies,wheninterpretingthefindings,somelimitationsarealso
noticedin theproposedwork.Firstly,thesamplesizeis relativelysmallhowever,this isconsist
with otherrelatedwork thatusesthesamedataset[15,17,62±64]andotherwork whichuse
GWASdatawith asimilaror lowersamplesize[65,66].Secondly,numberof features(SNPs)
highlyexceededthenumberof sampleswithin theoriginaldatasethowever,weaddressedthis
issuebysubstantiallyreducingthenumberof featuresusingadvancedstatisticalapproaches
andhighlightedthesignificantSNPs.

Wealsoconductedexperimentsto comparetheperformanceof WNN (onehiddenlayer
with alargenumberof neurons)andDNN (multiple hiddenlayerswith smallernumberof
neuronsin eachlayer)to exploretheimplication thatarchitectureselectionhasin themodel
performance.TheANNs havevarietyof parametersto choosefrom, including thenumberof
hiddenlayersandneuronsperlayer.Theseparametersdistinguishthenetwork'sarchitecture
andinfluencehowthemodelperforms.Wenoticedthat in almostall of our experiments,
WNN outperformstheDNN thatmaybebecauseof thesizeandnatureof thedataset.More
interactionsbetweeninput variablescanbeapproximatedbyWNN whereDNN arecom-
monly usedin computervisionandnaturallanguageprocessingproblems.

Furthermore,it canbenoticedthat theWNN andDNN showedbetterperformancethan
RFin GWASdomain(Tables4±6).However,thereisatrade-offbetweenmodelaccuracyand
modelinterpretability.TheRFcanleadto aninterpretablemodelandextractusefulexplana-
tion on howthemodelreachedadecision(caseor control) whichto gobeyondsimplyusinga
modelto getthebestpossiblepredictions.TheRFmodelcanproduceinsightswhichahuman
expert(e.g.,physicians)canuseto understandhowthemodelhelpin AD diagnosisthrough
geneticdata.For thispurpose,alist of humanunderstandablerulesisextractedfrom thebest
performingtreeof our RFmodelasshownin supplementarymaterials(S3Tablein S1File).

Fromtheextractedrules,wecaninfer that if apersonhasthegenotypeof CCfor SNP
rs705904andGGfor SNPrs799447or AA for SNPrs11922179,theyarelesslikely to bediag-
nosedwith AD. Furthermore,genotypeof AA for SNPrs2075650ishighlyassociatedwith
controls.On theotherhand,apersonwith genotypeAA for SNPrs1789250or genotypeother
thanAA for SNPrs2075650ismostlikely to beacaseof AD.

Conclusion
In thecurrentstudy,werequestedaccessto humangenomewidedatafrom AD neuroimaging
initiative, in orderto build areliablemachinelearningclassifierto classifypatientwith AD
andnormalcontrols.Bothof BorutaandPCAalgorithmsutilizedasfeatureselectorsto reduce
thenumberof featuresandidentify themostpromisingsetof SNPs.Wethenconductdetailed
experiments,by training themachinelearningmodelson differentfeaturessubsets.Wideand
deeplearningapproachesproposedfor classifyingAD andnon-AD subjects.All models
achievedhighperformance;wideneuralnetworkfound to bethebestclassifierwith astable
performanceof 99%accuracy.Theoutcomesclearlydemonstratetheeffectivenessof proposed
hybrid featureselection.Basedon our findings,thereareseveralfutureworkswerecommend
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within thestudycontext.Largerdatasetcanbeusedto examinethegeneralizationof these
models.Furtheranalysisis requiredto investigatetheassociationsof theidentifiedSNPswith
AD. Althoughof themodelsusedto classifyAD patientsit canbeextendedto otherchronic
disease.
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