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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'sdiseas€AD) is the mostprevalentkind of dementiaaccountingfor 60+70%¢ases
of dementig[1]. It impairsmemory,thinking, conduct,and overallcapacityto do everyday
taskssuchaseatingandbathingetc.Theillnesscangenerallybeclassifiednto two subcatego-
ries:early-onseflzheimer'sdiseas¢EOAD) andlate-onseAlzheimer'sdiseas¢LOAD) [2].
The EOAD is almostentirelya geneticdiseasavith heritability rangingfrom 92%to 10094 3]
wherethe affectedirst-degreerelativesaccountfor 35%to 60%of EOAD patients Usually,

the EOAD patientsexperienceheir first symptomsbetweer80and 65yearsof age with the
majority of EOAD patientsdiagnosedetweerthe ageof 45and60yearg4]. In contrastto
EOAD,the LOAD affectslderlypeople(usuallyover65yearsof age)andhasa90+95%occur-
ring of the AD in overallcase$5]. LOAD appearso beamore complicatedlinessinducedby
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geneticaswell asthe environmentalffactors.Forinstance Genomewide associationstudy
(GWAS)of AD reported44single-nucleotidgolymorphismg SNP)associatedith the
LOAD [6]. Likewise Apolipoprotein E (APOEe4)hasbeencommonlyldentified asarisk fac-
tor to LOAD [7]. While theseworksidentify someimportant factorsassociatewith the
LOAD, thegeneticarchitectureof the diseasandits predictionremainsamystery Dueto
lackingcurefor AD, identifying the specifiogeneghataremainly involvedin theillness'spro-
gressionwill helpphysiciandor the earlydiagnosif diseaseandthereforewill helpin moni-
toring and preventionof the disease.

Recentlyyarietyof computationaktrategiefiavebeenproposedor improving the diagno-
sisor identification of novelgenecandidatesssociatetb AD. Forinstance GWASinvestiga-
tions[8] areawell-recognizeanethodfor finding genomicareasof interestfor many
commoncomplicatedlinessesndphenotypesThe experimentsaredistinguishedoy analys-
ing information acquiredfrom largepopulationsizecomprisinghigh number (i.e.,over100K)
of loci (i.e.,SNPsacrosgshe humangenomeA variationat specifidoci couldleadto changes
in biologicalfunction which maycauseanillness.Suchvariationcanbedetectedy analysing
genotypeproducedfrom peoplewith andwithout the characteristiof interest[9].

Theliteratureaddresseavarietyof approacheor assessingNPsusceptibilityin GWAS
whereeachSNPis evaluatedndividually [10] howeverijt isidentified that only asmallpro-
portion of the SNPshavemajorimpactson the complicateddiseasdeaturesvhile, majority of
the SNPdndicatedlow penetranceéndividually [11]. On the otherhand,manyprevalent
humanillnessefiavebeenlinked to intricateinteractionsbetweemumerousSNPsandis
referredto asmulti-locusinteractions[12].

In additionto conventionalapproachefor the GWASanalysisMachineLearning(ML)
algorithmshavebeenutilisedfor identifying the SNPghatareassociatetb avarietyof ill-
nessearticularly the ML approachegprovedto beresilientwhendealingwith solvingthe
non-linearproblemsinvolving high dimensionaldatasetsimilarto GWASdatausedin this
study.In theliterature,ML technigueavebeenusedin threemajorareasn thedomainof
genome-widassociatiorstudieq13]. Firstly, to developclassificatiormodelsto distinguish
betweercase®f diseas®f interestandhealthycontrols[14+17].Secondlyto developML
modelsto discovemewgeneticmarkersassociate@ith aparticulardiseassuchasAD [18+
20].Thirdly, ML hasbeenutilisedto find the SNPdnteractionsthatinfluencetheemergence
of commonhumandiseasef1+23].Thefundamentakim for usingML in thesestudiesisto
generateredictionmodelsthat maximisethe classificatioraccuracypetweercasesndcon-
trols. However the computationabarrier of havinghundredsof thousandf markersfrom
GWASdatawhile fewersamplegi.e.,datarecord)remainsachallengd13].

This problemhasbeenresolvedisingeffectivefeatureselectiormethodsaiming to identify
themostinformativevariablefrom the availabldeaturespacelorinstancestudy[24] inves-
tigatedthefeasibilityof utilising randomforestsoneof popularML algorithm)for feature
selectiorandclassificatioron GWASdata.Thefindingsfrom thiswork suggesthat feature
selectiorprior to datapartitioning into training andtestingsetsproducedamodelwhichis
susceptibleo overfitting. In [25], the studyproposedGnet,adeeplearningmodelfor AD
classificatiorthatinvolvestwo datasetsomprisingMRI andgenetidnformation. Their model
combinescomputervisionapproacho analysehe MRI scansand naturallanguageprocessing
to analysehe genetiodata.The proposednethodwasevaluateaverADNI datasetndicating
83.78%lassificatioraccuracywhile employingMRI datawith selectedSNP<rom chromo-
somel9.Similarly,Sethietal.[26] presenta ML modelcomprisingconvolutionneuralnet-
work (CNN) for automatedeatureextractionand supportvectormachinegSVM) for
classificatiortask.The main focusof the studywasto developahybrid ML modelfor
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classificatiorof AD usingMRI datafrom ADNI. Thehybrid modelachievedetteraccuracy
(i.e.,88%)whencomparedwvith CNN alonewith anincrementof 2.9%in themodelaccuracy.

While the aforementionedvorkshighlight the associationbetweergeneticmarkersand
AD, thereareseveralimitations with theseapproachedrirstly, conventionaimethodsare
impracticalto handlethe non-linearity of the complexrelationshipgwithin the GWASdata-
set)for the predictionandclassificationef AD. Secondlyfeatureselectiorand optimization
in the existingworks,is not performedin awayto beusefulfor the humanexpertge.g. physi-
cians healthprofessionalgtc.)to understandhe significantsetof SNPs/featureamongthe
largeamountof featurespaceLikewisethe useof deeplearningmodelslimits the explain-
ability of ML modelwhichis not understandabléy humanexperts.

In contrastweproposenovelwide anddeeplearning-base@dpproacheto classifyCogni-
tively Normal (CN) and AD individuals.In thefirst step,we conductan associatioriestto
selecthe mostsignificationSNPsnfluencingthe diseaseollowedby ahybrid featureselec-
tion approachto reducethe numberof featuresubstantiallyWe thenusea newlyproposed
approachof neighbouringSNPsselectionto produceafinal setof SNPsvhich arethenused
for thetraining of wide anddeeplearningclassificatiormodelsfor CN and AD subjects.
Major contribution of the proposedwvorkinclude:

a. Developinga hybrid dimensionalityreductionapproachtowardsidentification of the most
distinguishingfeaturesleadingto robustclassificatiompperformance.

b. ProposeaneighbourSNPsselectiorapproachto testtheimpactof neighbourSNPsover
the classificatioraccuracy.

c. Proposeawide anddeeplearningmodelsfor classificatiorof individualsinto CN and AD.

d. Extracthumanunderstandableulesfrom thetrainedensemblenodel,to servefor the
machinelearningmodel'sinterpretability.

Remainingof this manuscriptis organisedasfollows.Sectior2 presentghe materialsand
methodsproposedn this study.Section3 compriseshe experimentablesignwhile Sectiord
entailstheresultscorrespondingo the experimentatlesignalongwith thediscussionsibout
the studyoutcomes.

Materials and methods

TheproposedapproachHor AD classificatiorentailsa compositeof dataprocessingfeature
selectionand machinelearningalgorithms . Wefirst perform quality control to ensureonly
high-qualityfeaturesandsamplesreincluded.In the secondstep logisticregressions used
to testthe associatiomf eachfeaturewith AD. The processedatasets thenforwardedfor fea-
ture selectiorusingahybrid approachcomprisingPCAandBorutaalgorithms.The setof
identified featuresarethenusedto train ML modelsfor AD classificationFig 1 showsthe
overallmethodologyof proposedAD classificatiorwheredetailedimplementationfor each
componentis presentedasfollows.

Dataset

Datasetsedin this studyis obtainedfrom the Alzheimer'sDiseaséNeuroimaginglnitiative
(ADNI) databaseThe ADNI [27] waslaunchedn 2003asa public-privatepartnershipwith
primary objectiveto testwhetherthe serialmagneticresonancémaging(MRI), positronemis-
siontomography(PET),otherbiologicalmarkers,andclinicaland neuropsychologicassess-
ment,canbecombinedtogetherto measurehe progressiorof mild cognitiveimpairmentand
earlyAD.

PLOS ONE | https://doi.org/10.1371/journal.pone.0283712 May 1, 2023 3/21


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

PLOS ONE

Wide and deep learning approaches for GWAS

PLINK Analysis

s )
: ) - N ( 7 Top 1000 SNPs retrieved | |
: | Quality Control Association Test - based on p-value resulted | !
: SUCHAS Deare \ | Procedure | Logistic regression | from previous step :
—_— h g h g (Exp5)
\ \ J
Genotypes Encoded ceve ¢
""""" : ge==—=—me=ug Feature Selection Top 2,5c'° of features
[A][A]: : il (ol (el : o]ssii] ranked by Boruta
: 2 : : ¥ H B (Exp2)
AllS : ' UnERI : Boruta Algorithm /
;16U LSy + 0l ol ! \ ===-] Intersection features
: — : 5 5 . from both datasets
‘Ce mee : / : i
: . : E PCA :
LGl chod il Lod: E \ +=++) Top 25% of features
Hrals ok ‘rolrollol: SRR ' +l::::] ranked by PCA
ofecss (Exp3)

Output

AD
—> Case
or
Normal
Control

Fig 1. A graphicd representdion of proposedapproachfor AD and CN classifiation. Firstblockrepresentshe PLINK analysisn
which quality control procedureandassociatiortiestis conduced. Seconahe genotypelataconvertinto one-hotrepresentatn. Third
featureselecteditilizing Borutaand PCAalgorithms.Finally,AD classiftationis performedusingthe differentfeaturesets.

https://doi.0g/10.1371§urnal.pon®283712.9g001

The ADNI databaseomprisesetsof variablesncluding geneticsdemographicsndclini-
caldata,MIR, andPETimagesTo fulfil the objectiveof proposedstudy, GWASdatafrom
ADNI1 isaccessedhereindividualswith CN or AD werechosenA total of 388subjectsare
identified producingl74casesind214controlsin the proposedwvork.

Thedatasetriginally is presentedn plink file formatwith threefiles: bim', "bed',and fam'
files.In “fam'file, subjectcharacteristicarerecorded While SNPqfeaturesharacteristicare
storedin the “bim'file including location,name,andallelerepresentationFinally, bedfiles
containmachinecodeghatareunreadabldéo humansand comprise8-bit codegepresenting
thegenotypecodesaswellasmaptheinformation betweerfamandbim files.In this study,we
useSNPsasfeaturego classifitheindividualsinto CN or AD casesTablel showshe statistics

Tablel. Charactersticsstatisticsof Alzheimer'sdiseaseand normal 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://da.org/10.137 1§urnal.pon®283712.t001

PLOS ONE | https://doi.org/10.1371/journal.pone.0283712 May 1, 2023 4/21


https://doi.org/10.1371/journal.pone.0283712.g001
https://doi.org/10.1371/journal.pone.0283712.t001
https://doi.org/10.1371/journal.pone.0283712

PLOS ONE

Wide and deep learning approaches for GWAS

Table2. Quality control procedure applied for both samplesand geneticmarkers

Filtering approat Description Threshold Used
SNPanissingnes MissingSNPsn alargepercentagef the Individuals 0.02genotyjng rate
areexcluded.
Individuals' missingnes Individualswith ahigh rateof genoty missingnesare | 0.2genotypingate
excluded.
Sexdiscrepagy Checksexof individuals dependingon their X An estimage of the X chromosone homozygogy > 0.8for malesand<0.2 for
chromosomeéhomozygogy females.
AutosomesChromosomes | Only selectingSNP<of 1to 22 Chromosomes -
Minor allelefrequency SNPsaboveaminor allelefrequencythresholdare 0.05dueto samplesize.
included.
Hardy+Weinberg SNPshatdeviatefrom HWE areexcluded SNPsarefirst filtered out within the controlsfor HWE p-valuesf 1e-6then
equilibrium (HWE) in casesor HWE with p-valueof 1e-10.
Relatedness Generateslist of personswith relatednesdegree employ0.2pi-hatthreshold
greaterthanaspecifiedhreshadd. After including only founders threepairswerediscoveredWe eliminatethe
personwith the lowestcallrate.
Populationstratification Individualsfrom differentpopulationspresentn the Only non-Hisparic Europearparticipanschosen.
study.

https://da.org/10.137 1§urnal.pon®283712.t002

of the datasetthe meanagefor both casesind controlsaround 75yearsold. the Mini-mental
StateExamination(MMSE) is 30-pointquestionnairaisedmeasurecognitiveimpairment,in
theutiliseddataset modescoreof 23 pointsachievedy casesyhereas scoreof around29
achievedy controls.Tablel alsoshowsthat mostcasegarry atleastof copyof APOE4gene.

Quality control

Tofilter out unnecessarinformation from both genetiomarkersand samplesseveratech-
nigueshavebeenstudiedand usedin geneticdataquality control, with anemphasi®n SNP
data.Themethodsdescribedn this sectionarebestpractisegor removingindividualsand
SNPtraitsthat might inducebias,impedeor masksignalspr producefalsepositiveresults
[28]. Thedatasepreparedn the proposedstudyis reducedo arepresentativeetof SNPchar-
acteristicand subjectcohortthataremorelikely to exhibitunderlyinggeneticsignaldgn con-
junction with the phenotypeby eliminating subjectsand SNPghat do not meetthe
requirementsmposedby theseproceduresOriginally, thereare6,20,90humberof SNPs
thatarereducedo 4,87,03BNPsusingoperationsdescribedn Table2.

Associationtest

In case-controstudiesthe frequencyof allelesor genotypesit SNPdiffersbetweercasesind
controlsin aparticularpopulation.We usethe associationteststo identify the statisticallysig-
nificant variationsin thefrequencyof allelesacrosgesearctparticipants.Theseallelesare
usedto testfor phenotypicrelationshipsin otherwords,associatiormnalysiss a setof single-
locusstatisticateststhatinvestigateeachSNPandits potentialconnectionwith acertaintrait
[29]. In this context,logisticregressiorns oneof the commonmethodswhich hasbeenusedin
similarworks[30, 31] for studyingeachSNPindividually and capturingthe linearassociations
betweerSNPsandphenotypesAnalysisGWASdatais challengingdueto the high dimension
of featureswhich,comprisehundredsof thousandof SNPsTo overcomehis, we utilisean
associatiortestfor eachSNP producingsignificanceof associatiori.e.,p-value)with AD.
GWAS[32] utilisesan approximationwheresignificantrelationshipshavea p-valuelessthan

5 10°, evenif agreatemumberof genetiovariantsareexamined Suchstatisticallymeaningful
resultscanonly beobtainedby studyinglargesamplegabout1000individualsor more).
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Fig 2. Manhattan plot of GWASbetweenAlzheimer's diseaseand normal controls.
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Thereforewe haveselectedop 1000SNPsaccordingto the lowestp-valueof logisticregres-
sion.On agenomicscaleManhattanplotsdepictthe p-valuef whole GWAS(seeig 2). The
P valuesaregivenin genomicorder by chromosomeand chromosomalocation(x-axis)
wherey-axisvalueshowshelog10of the p-value.ln additionto Manhattanplot, the Quan-
tile-Quantile(QQ) plot is agraphicaldepictionof the observeg-valuestivergencdrom the
null hypothesisobserveg-valuedor eachSNPareorderedfrom biggesto smallesand
shownagainsipredictedvalueslf the observedraluesnatchthe predictedvaluesall points
land on or nearthe centreline connectingthe x- andy-axegnull hypothesisredline in Fig 3).
Thereforethe datais normally distributed.

Followingthe associatiortest,the genotypedatais transformedto binary representation
usingone-hotcoding[33] andusedasinput to featureselectioralgorithmsand ML models.
Genotype®f eachSNPis convertednto athree-dimensionavectorreplacing 1'for thegeno-
typeandO for the othertwo asshownin Fig 1. Asanexampleyector[CC,CT, TT] istrans-
formedinto [1,0,0],[0,1,0],and[0,0,1],respectively.

Featureselection

LargedatasetsuchasGWAS, havebeengainingpopularityin humandiseaseesearcthow-
ever multi-attribute analysisand complexinter-relationshipswithin multi-dimensionaldata-
setsaredifficult to beperformedusingconventionadataanalysisapproachesSuch
challengetimit the usefulnessf thesedatasetsTo overcomehis challengefeatureselection
hasbeenreportedusefulparticularlyfor thedimensionalityreductionin suchdatasetsThe
reducedsetof featurepreservinghe maximum proportion of information from the original
featurespaceis usefulfor the simplicity of machinelearningmodel.Asaresult,it isincreas-
ingly usedin manyreal-worldapplicationssuchasgeneanalysig34], to obtainrelevantfea-
turesby eliminatingthe uselesandredundantinformation. This furthermorereduceshe
computationalandstoragecostsandimproving the model'slearningperformancg35].

Forthe featureselectioranddimensionalityreductionin proposedwork, wefirstly con-
ductedanassociatiortestusinglogisticregressiofasdescribedn SectionAssociatiorTest)
to calculatehe associatiorof eachSNPswith the AD. Thetop 1000SNPsasewn corre-
spondingsignificancevalueqi.e.,p-value)areretrievedfor further analysisThe selected 000
SNPsarethenfeedto acompositeof featureselectiomapproacheghatincludePrincipal Com-
ponentAnalysis(PCA)[36] and Borutaalgorithm[37], which hasbeenusedin varioussimilar
domaing[38, 39]. Detailsof eachfeatureselectiormethodis presentedn thefollowing
sections.

a) Principal componentanalysis. Principalcomponentanalysiss onethe powerfulsta-
tisticalmethodwhich havebeensuccessfullgmployedn variousresearclstudiesmainly, for
thedimensionalityreductionandfeatureselectio{37]. ThemainideabehindPCAis
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Fig 3. QQ plot of GWASbetweenAlzheimer's diseaseand normal controls. Lambdais closeto 1 whichmeanghe
pointsfallswithin the expectedange.

https://dbi.org/10.1371durnal.por.0283712.908

straightforwardreducethe numberof variablesn adatasetwhile retaininginformation as
muchaspossibleThis entailsidentifying newvariableghat arelinearfunctionsof attributes
in the original datasetmaximisevariancesequentiallyandareorthogonalto eachother.The
transformedvariablesaareknown asprincipal componentgPCs)[40]. In our casethe compo-
nentloadingsrepresentorrelationcoefficientbetweerSNPsvheremaximizedsumof vari-
anceof thesquaredoadingsis retrievedthroughthe componentstotations.Importance
measurdor the correspondingeaturesn original spacdi.e.,datasettanbecalculatedising
the absolutesumof componentrotations[39]. Thetop-ranked50featuregout of L000SNPS)
selectedby the PCAalgorithms(asmostimportant) areshownin Fig 4, includingrs12498138
locatedon geneGOLGB1rs4072374ocatedin geneRNASEH1rs2309772 TENMS3,
rs7005164andgeneL OC105375901.

b) Boruta algorithm. TheBorutaalgorithmis awrappermethodthatis basedn the Ran-
dom Forest(RF)classificatioralgorithm. The Borutaalgorithmuseselectiorcriteriafor
important factorsby eliminating variableghat arestatisticallyidentified aslessrelevanthan
randomprobesiteratively.Detailedimplementationof the Borutaalgorithmcanbefoundin
study[37]. In the proposedstudy, SNPsawith substantiallyhigh scoresdentified by the Boruta
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Fig 4. Top-ranked 50features(out of 1000SNPs)selectel asimportant, by the PCA algorithm.

https://doi.0g/10.1371Hurnal.pon®283712.g004

algorithmincludesrs1736599teneTEF,rs814195@enePARVB,rs265498@eneL UNAR1,
andrs2036109geneADRA1A. A completdist of important featureselectedby the algorithm
ispresentedn S1Tablein S1File.

¢) Hybrid feature selection. While both PCAandBorutaalgorithmsarecommonlyused
for thefeatureselectionthe fundamentalbf mathematicaformulationsof both algorithmsis
different. Combiningthe outcomedorm both algorithmsmight be usefulto filter-out maxi-
mum numberof featuresvhile simultaneouslyretainingmaximuminformation from the
original datasetFor this purposewe performahybrid featureselectiorasa compositeof Bor-
utaand PCAoutcomeslin thefirst step,outcomedrom both featureselectioralgorithmsare
sortedwith respecto featureranks(i.e.,featureimportance) We thenselectedhe intersection
of 1% quartilesof featuregi.e.,top 25%)that areidentified from both Borutaand PCAalgo-
rithms, producing121of mostsignificantfeaturesA completdist of the commonlyselected
featuress presentedn Table3. It canbenoticedthat someof thetop-rankedSNPdocatedin
genesarestronglyrelatedto AD suchasrs611637%n genePRNP rs207565@n gene
TOMMA40.

TheaforementionedeaturegPCA, Boruta,andcompositeof both) arethenusedto train
andvalidatethe multiple ML modelsfor thetaskof AD classificatioroverunseennstances.
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Table3. List of final feature-setidentified assignificant usingthe intersection of selectedeaturesfrom both PCA and Boruta algorithm.

rs61163%_CC
rs265498_TC
rs1176884_ GG
rs207568_AA
rs734268_CC
rs496448_TT
rs1079098 TT
rs220832_AA
rs751978_AA
rs1022215 TT
rs1079382_TT
rs775879GG
rs483713_AA
rs178928_AA
rs486848_AA
rs1175281 TT
rs207566_GG
rs269738_AA
rs362584AA
rs800088_GG
rs1087989_TT
rs228633_AA
rs939720CC
rs716566_TT
rs286792_TT

rs10176603_T rs774771_GG rs429076_CC rs16864809TT
rs10031325_CC rs701880CC rs1168032_GG rs7679260CC
rs16889565 & rs929662_TC rs628482GG rs9389952TT
rs2877347CC rs495362_CC rs518385TT rs10804812CC
rs6114605GA rs1006800_GG rs257732_CC rs618236_CC
rs7618348CC rs283474_TT rs1186914 CT rs1945624AA
rs9595108CC rs683808_CC rs1173383_AA rs2577322TT
rs17068548_G rs1051486_CC rs911892TT rs7807731TT
rs13211072_T rs714998 TT rs381258_AA rs2136613TT
rs6132022TT rs272579_CT rs799447GG rs344783_T
rs793291_AA rs1165581_TT rsl774501_CT rs1495813CC
rs3771389CT rs283342_CC rs1324564_GG rs9410486GG
rs6695731CC rs800700_TT rs230523_AA rs7096762AA
rs10044783_CC rs1743085_CT rs447203_AA rs2309777GG
rs17345545_CC rs381536_CC rs479392_TT rs9515168GT
rs871049_CC rs1743085 _TT rs168825GG rs6569364AA
rs4953672AA rs11922719 AA rs683808_TC rs12988856TT
rs2075650GA rs118668_TT rs775879AA rs1891265GG
rs1479884GG rs732049_AA rs690396_AA

rs11253696_AA
rs13135230_G
rs10888578_T
rs7999171GG
rs12312628_CC
rs10101666_T

https://da.org/10.1371¢urnal.pon®283712.t003

rs720602_GG
rs367369TT
rs132819 TT
rs4689786_TT
rs705904CC
rs938198_CC

rs1248024_AA
rs233928 TT
rs741315_AC
rs959518_AC
rs692940_CC
rs268909TT

ProposedAlzheimer's diseaseclassification

Oncethe mostpromisingfeaturesareidentified from the original datasetwethenemploy
multiple well-establishedlassificatiormethodsto classifyAD thatinclude RF,artificial neu-
ral networks(ANN), anddeepANNSs. For the detailedexperimentahnalysisye usevariations
of inputs (i.e.,featurecombinations)to selectedanodelsfor efficientclassificatiorof AD along
with identification of significantsetof featuresA detaileddescriptionof eachclassifiewith
respecto proposedwork, is presentedsfollows.

a) Randomforestfor proposedAD classification. Ensembldearningis an effectivetech-
niguefor combiningmultiple learningalgorithmsto improveoverallpredictionaccuracy.
Theseensemblg¢echniqguesavethe advantagef alleviatingthe problemof smallsamplesize
by averagingandincorporatingovermultiple classificatiormodels to reducethe possibilityof
overfitting thetraining data.As aresult,thetraining datasetanbeusedmaore efficiently,
whichisimportantin manybiologicalapplicationswith smallsamplesizesSomeensemble
methods suchasRF,areparticularlyusefulfor high-dimensionabatasetbecausgenerating
multiple predictionmodels eachwith adifferentfeaturesubsetcanimproveclassification
accuracy41].

RecentlyRFhasbeensuccessfullgmployedn diverseapplicationareador both classifica-
tion [42] aswell asregressiorproblemg[43]. GenerallyRFis madeup of severatiecisiontrees
with the principle of baggingwhich combineghe operationof bootstrappingandaggrega-
tion. Bootstrappingefersto the proces®f training eachdecisiontreeon asubsebf thetrain-
ing samplesutilizing asubsebf the original featuresensuringthat eachtreeis distinct, which
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significantlyhelpsin overcomingthe problemof the classifier'sarianceWithin theaggrega-
tion stepthe output of eachtreeis consideredandthe classvith the majority votesfrom the
treesis choserasthefinal output. Furtherdetailson RFcanbefoundin relatedwork [44]. Fig
5 depictsasampleof singledecisiontree(with bootstrappediatasample)from the proposed
RF-based\D classificatiormodel.

b) Deepwide artificial neural networksfor proposedAD classification. Similarto RF,
feed-forwardheuralnetworkshavebeensuccessfuih varietyof applicationswithin diverse
disciplineg45+47].It consistof anetworkof linked neuronswith linearor nonlineartransfer
functionsthatmaybeusedto analysisionlineardatasuchasgeneticsn this study.With only
two layersof neurons afeed-forwardneuralnetworkmayestimatesensibldunctionsto any
desireddegreeof precision.

Basedn thetheoreticalconceptsn [48], weemployaneuralnetworkswith gradient
descenbptimizationutilising the backpropagatiomearningapproactor binary classification
problems.Theneuralnetworkis built usinginput, hiddenandoutputlayersthat eachinclude
apredeterminechumberof units (neurons).Variousneuralnetworksarchitecturegre
employedn the currentwork: aWide NeuralNetwork (WNN) which consistof onehidden
layerwith alargenumberof neuronsand DeepNeuralnetwork (DNN) consistingof multiple
hiddenlayerswith smallemumberof neuronsin eachlayer.

Furtheringthe artificial neuralnetwork conceptawide anddeepneuralnetwork (illus-
tratedin Fig 6) isacombinationof adeepneuralnetworkandalinear modelbasedn asmall
setof featuresDeeplearningtendsto generaliseélatapatternswhereadinearmodelshelpto
learnthe patterns Thistypeof architecturehasbeenreportedusefulin similarworkssuchas
celltypeclassificatiof49] andrecommendesystem$50]. Thedeepcomponentof the net-
work canhandlethe high-dimensionablata,whereashe wide componentemphasisethe bio-
logicalsignificanceof SNPgo AD, by integratingtheminto the network'sfinal hiddenlayer.
Forthe proposedAD classificatior(asillustratedin Fig 6), thefinal setof identifiedfeatures
(Table2) arefedto thewide componentFor eachSNPidentifiedin Table2, weretrieved
neighbouringSNPswvhich arethenservedasaninput to the deepcomponentof the network.

Fig 5. RandomForestsub-treesfor proposedAD classifi@ation using GWASdata. Theinput to the RFisthe
bootstraped SNPdeaturesin thefirst step(bootstrapstep)refersto the proces®f training eachtreein RFon a
subsebdf thetraining sampls.While in the secondstep(aggregatin step)the classwith the majority votesfrom the
treesis choserasthefinal output (in aboveexample2/3 votesarein favourof Normal control).

https://cbi.org/10.1371djurnal.por.0283712.906
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Fig 6. ProposedWide and deepNN for AD classification using GWASdata.
https://i.org/10.1371durnal.por.0283712.906

Experimentdesign

Multiple experimentsaareconductedusingtheidentified featuresvia proposechybrid feature
selection(seeSectionFeatureSelectionfrom the ADNI GWASdatasetto train theaforemen-
tioned AD classifier§RF,WNN, andDNN). Forthetraining andtesting,wepartition the
datasetnto 70%and 30%respectivelyWe further employthe cross-validatio{5-CV) for a
fair andreliableevaluationof the proposedAD classifiersperformancest-or all ML classifiers,
the optimal setof hyperparameteraredeterminedusingthetrial-and-errormethodandare
detailedin S2Tablein S1File.Quality control stepsandassociatiortestareconductedusing
PLINK softwarg51] while ML algorithmsareimplementedusingScikit-learnpythonlibrary
[52]. PyPlinklibrary is usedto readthe genotypedatain python[53]. Finally,the neuralnet-
worksimplementationis performedwith Kerasand TensorFlowasbackend54]. With these
configurationsandfeaturesetsfollowing setof experimentsareperformedin the proposed
study:

Experimentl (EXP1):Usingintersectionof 1% quartile(i.e.,top 25%)of featureshat are
rankedfrom both Borutaand PCAalgorithms.The combinedfeatureset(calledintersec-
tion featureset)is usedto train ML algorithms(RF,WNN andDNN) in orderto find the
bestperforming GWASAD classifier.

Experiment2 (EXP2):.Usingtop 25%of featuregankedby Borutaextractedasafeatureset
(calledBorutafeatureset)for the AD classificatiorusingRF,WNN and DNN algorithms.

Experiment3 (EXP3):Usingtop 25%of featuregankedby PCAextractedasafeatureset
(calledPCAfeatureset)for the AD classificatiorusingRF,WNN andDNN algorithms.

Experiment4 (EXP4):In orderto evaluateahe effectof neighbouringSNPsfor eachSNPin the
interactionfeatureset(EXP1) weretrievedthe SNPandneighbouringSNPH6 from each
side)andconstructeda newfeaturespacecalledneighbouringfeatureset.Usingfeatures
from EXPlasinput to thewide componentand neighbouringfeaturesetasinput to the
deepcomponentto train andtestthe proposedvide anddeepmodel(As shownin Fig 6).

Experiments (EXP5):Usingtop 25%o0f featuresof thelogisticregressiorextractedasafeature
set(calledoriginal featureset)for the AD classificatiorusingRF,WNN andDNN
algorithms.
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Performanceevaluation. Performancesfthe AD classificatiormodelsis evaluatedising
severabtandardevaluatiomrmetrics.Model accuracyEq 1) describesowwellthe modelper-
formsacrosall classedJsingprecision(Eq 3), wedeterminehow many predictionsof posi-
tive classeareactuallypositive Recall(Eq 2), asopposedo precision,indicateshow many
positivepredictionsweremissed The F-scorgEq4) is calculatedy averagingrecisionand
recalldeterminingthe classifier'sasccuracyfFurthermore ReceiveOperatingCharacteristic
curveg(ROC)is usedasaperformancemeasurementf classificatiorefficiencyat different
thresholdsWith ahigherAreaUnderthe Curve(AUC) value the modelis more effectiveat
makingadistinction betweercasegi.e.,patients)andcontrols(i.e.,healthysubjects)Finally,
Precision-recalturvegPR)showthetrade-offbetweerprecisionandrecallw.r.t. varying

thresholds.
et L1t
) I .2t
- I .3t
- 2 - .4t

Results and discussion

Followingthe aforementionedexperimentatonfigurations detailedstatisticaresultsandper-
formancemeasuresareretrieved.Particularly this studyisfirst of its kind to identify and
extractthe mostpromising(aswell assubstantiallyeducedn quantity) setof featuresvhich
significantlycontributeto classificatiorof AD. Weidentify anumberof genesassignificantly
relatedto the AD thatarealignedwith relatedliteratureincludingrs611637%n genePRNP
[55], rs207565@n geneTOMMA40 [56], rs10793982n geneLAMC3[57], rs2208322n gene
NEURL1andrs751979®n geneKAZN [58], demonstratinghe efficacyof our featureselec-
tion approachFurthermore weidentify someof the potentialnovel SNPssuchasrs2654986
ongeneLUNAR1,andrs220832»n geneNEURL 1that aresignificantlyassociatedith AD.
A completdist of the significantSNPgdentifiedin proposedstudyis availablén Table3.

To evaluatehe effectivenessf our featureselectiorprocessa RFclassifieand ANN with
varyingparameterconfigurationsareemployedo classifithe AD patients.Theperformance
of the classifierss presentedn Table4 whenevaluatedverthe unseersubjectsisingfeatures
setdescribedn EXP1.t canbenoticedthatregardlessf selectedML model,high perfor-
mancemeasuregreachievedWNN indicatesan accuracyandfl-scoreof 94%and93%

Table4. Comparisan of ML algorithmsfor classificationof AD and healthyindividuals usingintersection fea-
tures selectedoy Boruta and PCA from the top 25%(Exp 1).

Model Accuragy Precision Recall F1

RF 89% 96% 81% 88%
Wide NN 94% 91% 98% 93%
DeepNN 93% 89% 96% 92%

https://abi.org/10.1371durnal.por.0283712.t00
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Table5. Comparisan of ML algorithmsfor classificationof AD and healthyindividuals usingtop 25%features
selectedby Boruta algorithm (Exp 2).

Model Accuragy Precision Recall F1

RF 92% 99% 84% 91%
Wide NN 99% 99% 99% 99%
DeepNN 99% 99% 99% 99%

https://abi.org/10.1371djurnal.por.0283712.t00

respectivelyollowedby aDNN which showedaslightlydeclinein performance(i.e.,93%).
While RFindicatemore deteriorationsan performancewith 89%accuracyand88%F1score,
whichisin line with the existingsimilar work [59], wherehigheraccuracys reportedusing
ANN ascomparedo RF(for pretermbirth classification)Oriol etal.[15] employedRFin
classificatiorof AD and CN usingGWASdata,wheretheyreportedaccuracyf 67%(signifi-
cantlylowerthan proposedapproach)Similarly, RFwasnot the bestclassifietto discriminate
betweemAD casesndcontrolsasreportedin asimilarwork [60]. It is alscimportant to note
the performancebalancerom WNN andDNN (in Table4) ascomparedo RF,whichindi-
categnorebiasednes®wardsthe precision(96%)ascomparedo recall(81%).Theaccuracy
andlosscurvesof the modelsareavailablén Sland S2Figsin S1File.

Table5 summarise®utcomesor EXP2whereall classifiersndicatedsimilar performance
whentrainedandtestedoverthetop-ranked(i.e., 1% quartile) featuresselectedby Borutaalgo-
rithm. It canbenoticedthatthe overallaccuracyf eachmodelisincreasedpecificallythe
WNN and DNN whichindicate99%accuracie$or unseerinstancesThis clearlyindicatethe
effectivenessf selectedeaturesaswell asthe model'sconfigurations.

Table6 presentghe outcomedor EXP3wherethe featuresgdentifiedfrom PCAalgorithm
areusedto train the ML models.It canbenoticedthat WNN and DNN modelsoutperformed
the RFproducingoverall96%and 94%accuracieascomparedo 84%from RF.Likewisethe
performanceclearlyindicatesthe balancebetweerrecallandprecisionwhichis not the case
for RF.Overall,in comparisonthe RFdemonstratedinotablereductionin performance.

To assestheimpactof the neighbouringSNPgof theidentified mostimportant SNPSs)
towardsthe classificatiorof AD, weevaluatedhe performanceof WDNN classifiein EXP4
(Table8). Despitethe performanceof WDNN is substantiallyeducedaround80%)ascom-
paredto EXP1-EXP3it is still inline or outperformsmostof the existingrelatedworksas
shownin Table8, particularlyin thedomainof GWAS.For thefinal experimentwetestecthe
modelsperformance®verthe original datase{EXP5asillustratedon Fig 1) beforefeature
selection(Table7). It canbenoticedthatthe classificatiorperformancdrom eachmodelis
nearlyasaccurateasin EXP2(Table4). Likewisethe RFindicatesabiasedperformancedn
termsof precisionandrecall.

ROCand PR curveanalysisof the AD classifiers
Figs7 and 8 showthe ROCandPRcurvesof the ML classifiersperformancesn classifying
AD casesindnormal controls.From Fig 7, we canclearlyseehat WNN andDNN performed

Table6. Comparisan of ML algorithmsfor classificationof AD and healthyindividuals usingtop 25%features
selectecby PCA algorithm (Exp 3).

Model Accuragy Precision Recall F1

RF 84% 99% 68% 81%
Wide NN 96% 99% 92% 96%
DeepNN 94% 96% 91% 93%

https://abi.org/10.1371djurnal.por.0283712.t08
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Table7. Comparisan of ML algorithmsfor classificationof AD and healthyindividuals usingoriginal featuresset
(Expb).

Model Accuragy Precision Recall F1

RF 91% 99% 81% 89%
Wide NN 99% 99% 98% 99%
DeepNN 99% 99% 98% 98%

https://abi.org/10.1371djurnal.por.0283712.t0D

similarin mostof the experimentsWNN is the mostsufficientclassiefor AD classification
reachingl00%in termsof both ROCandPR(Fig 7B)whentestedon featureselectedby Bor-
utaalgorithm (EXP2).In caseof classifierstraining evaluationoverthe intersectionfeatureset
(i.e.,EXP1)aperformancenf 90%or overis achievedn termsof AUC for both ROCandPR
curvesg(Figs7A and8A). TheWDNN model(EXP4)showsan 83%(Fig 7D) and87%(Fig 8D)
AUC for ROCandPR,respectivelyTheseaesultsindicatethe efficiencyof Borutaalgorithms
for featureselectiorthat areusefulto detectandclassifythe AD in individuals.

Comparativeanalysis

Finally, Table8 compareshe performanceof proposednethodwith existingsimilar
approachegpwardsthe classificatiorof AD basedn genome-widalata(SNPs)It is evident
that our approachoutperformsthe Decisiontresg60], CNN [61], ensemblenodels[15], and
LASSJ62]. The proposedapproactshowsstableperformanceahroughoutthe evaluation
metricsincluding ROC.Whereasthe decisiontressutilisedin referencg60] showedan
increaseéAUC of 11%comparingto the model'saccuracyLikewise pur work showsthe supe-
riority of Borutaalgorithmin selectinghe optimal numberof featuresandeliminatingthe
redundantSNPswhichreflectshe high performancen the classificatiortask. Theresults
indicatethat Borutaalgorithmis betterthan otherfeatureselectiortechniquesuchasstatical
techniquesppliedin [62]. Moreover the proposednodelusesonly 121featuresasinput to
the WNN ascomparedo state-of-the-artmethodssuchas[62] which usesover500features,

Table8. Comparisan of relatedwork in the literature.

AUC
Prec
Recall
F score
Acc

Feature
No.

Feature
selection

Dataset

ML
Model

Study

https://da.org/10.1371durnal.pon®283712.t008

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

80% 91% 99% 79%

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

80& 95% 99% 83%

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

145 4000 2500 501 121 747 121for wide
componert and
4697for deep
componer

Previousy Divided the genomeinto To find significantSNPs, UsingX2with | Seesection| Seesection| Seesection3.

reportedSNPs nonoverlappingragmentsthenused | usedthe statisticasummary | kinship 3. 3.

relatedto AD CNN to selecsegmentsCNN was resultsirom IGAP [23]. The | correctin

from DiaGeNet | run ontheselectedragmentsusinga | top 2,500SNPswverethen

database. SlidingWindow Associéion Testto | choserasthefinal feature

identify important SNPs. set.

ADNI3 ADNI ADNI NIA-LOAD ADNI ADNI ADNI

Gradientboosted | 1D CNN Ensembleof ML models LASSO WNN WNN WDNN (EXP4)

decisiontrees (EXP1) (EXP2)

[60] [61] [15] [62] Proposed | Proposed | ProposedVodel 3

Model1 Model2
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Fig7. (a)ROC-AUCcurvefor EXP1(b) ROC-AUC curvefor EXP2,(c) ROC-AUCcurvefor EXP3,d) ROC-AUC curvefor EXP4(e)
ROC-AUC curvefor EXP5.

https:/Hoi.org/10.137/ournal.pon®283712.9g007

and CNN-basedapproachutilising 400feature461]. Thisleadso alessnoisy,lighter,and
more efficientmodelasproposedn this study.Theidentification of fewercontributing fea-
turesto AD maybeusefulto setabaselindor further analysisanddirectionin future research.

Discussion

Firstof all, to the bestof authors'’knowledgethe studyis first of its kind to examineGWAS
datausingawide anddeepneuralnetworkapproachesSecondlyusingarelativelysmall

Fig 8. (a) PR-AUCcurvefor EXP1,(b) PR-AUCcurvefor EXP2,c) PR-AUCcurvefor EXP3d) PR-AUCcurvefor EXP4(e) PR-AUCcurve
for EXP5.

https://doi.0g/10.1371§urnal.pon®283712.9g008
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numberof identified featureset(only 121featuresusingproposedeatureselectiorapproach,
the classifyingnodelsachievedutstandingperformancg Table4), which revealgherobust-
nesf our featureselectiormethodologyFurthermore experimentabutcomesshowthat
usingappropriateclassifiecanimprovethe accuracybetterthanincreasinghe numberof fea-
tures(SeeTable5). In addition to performanceefficiency experimentsl,2and 3 showthe
strengthof neuralnetworksin the existencef complexrelationswithin the datasetThe
resultsdemonstratehe effectivenessf our approach(e.g. viathe crossvalidations)which can
beeasilyappliedto otherchronicaldiseasevherelargerGWASdatasetareavailable.

Similarto otherrelatedstudieswheninterpretingthefindings,somelimitations arealso
noticedin the proposedwork. Firstly,the samplesizeis relativelysmallhoweverthis is consist
with otherrelatedwork thatuseghe samedatasef15,17,62+64]Jand otherwork whichuse
GWASdatawith asimilar or lowersamplesize[65, 66]. Secondlynumberof feature{SNPSs)
highly exceedethe numberof samplesvithin the original datasehoweverwe addressethis
issueby substantiallyeducingthe numberof featuresusingadvancedtatisticabpproaches
andhighlightedthe significantSNPs.

We alsoconductedexperimentgo comparethe performanceof WNN (onehiddenlayer
with alargenumberof neurons)and DNN (multiple hiddenlayerswith smallemumberof
neuronsin eachlayer)to exploretheimplication that architectureselectiorhasin themodel
performanceThe ANNSs havevarietyof parameterso choosefrom, including the numberof
hiddenlayersandneuronsperlayer.Thesegparameterslistinguishthe network'sarchitecture
andinfluencehowthe modelperforms.We noticedthatin almostall of our experiments,
WNN outperformsthe DNN that maybebecausef the sizeand natureof the datasetMore
interactionsbetweerinput variablecanbeapproximatedoy WNN whereDNN arecom-
monly usedin computervisionandnaturallanguaggrocessingroblems.

Furthermore it canbenoticedthatthe WNN and DNN showedbetterperformancehan
RFin GWASdomain(Tablest+6).However thereis atrade-offbetweemmodelaccuracyand
modelinterpretability. The RFcanleadto aninterpretablemodelandextractusefulexplana-
tion on howthe modelreachedadecision(caseor control) which to gobeyondsimplyusinga
modelto getthe bestpossiblepredictions.The RFmodelcanproduceinsightswhichahuman
expert(e.g. physiciansanuseto understanchowthe modelhelpin AD diagnosighrough
genetiadata.Forthis purposealist of humanunderstandableulesis extractedrom the best
performingtreeof our RFmodelasshownin supplementarynaterialg(S3Tablein S1File).

Fromtheextractedrules,wecaninfer thatif apersonhasthe genotypeof CCfor SNP
rs705904ndGGfor SNPrs79944°6r AA for SNPrs11922173heyarelesdikely to bediag-
nosedwith AD. Furthermore genotypeof AA for SNPrs207565@s highly associatedith
controls.On the otherhand,apersonwith genotypeAA for SNPrs178925@r genotypeother
than AA for SNPrs207565@s mostlikely to beacaseof AD.

Conclusion

In the currentstudy,werequestecccesso humangenomewide datafrom AD neuroimaging
initiative, in orderto build areliablemachinelearningclassifietto classifypatientwith AD
andnormal controls.Both of Borutaand PCAalgorithmsutilized asfeatureselectorgo reduce
thenumberof featuresandidentify the mostpromisingsetof SNPsWe then conductdetailed
experimentsby training the machinelearningmodelson differentfeaturessubsetswide and
deeplearningapproachegproposedor classifyingAD andnon-AD subjectsAll models
achievedigh performancewide neuralnetworkfound to bethe bestclassifiewith astable
performanceof 99%accuracyTheoutcome<learlydemonstratehe effectivenessf proposed
hybrid featureselectionBasedn our findings,thereareseverafuture workswerecommend
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within the studycontext.Largerdatasetanbeusedto examinethe generalizatiorof these
models Furtheranalysigs requiredto investigatehe associationsf theidentified SNPswith
AD. Although of the modelsusedto classifyAD patientsit canbeextendedo otherchronic
disease.
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