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ABSTRACT

Theawarenessrelatedtofertilityisofgreatimportanceduetothechangeinlifestylehabits.Semen
analysisisareliableconfirmatorytesttocheckthefertilityinmen.Thesupervisedmachinelearning
modelsofbaseclassifiersincludeDecisionTree,LogisticRegressionandNaiveBayesclassifiersin
whichlogisticregressionshowsapromisingaccuracyof88%.Comparingwiththebaggingensemble
methodfortheweakestclassifier,theresultsshowaleapinaccuracyfrom78.80%to90.02%.The
authorshavealsoattemptedtodesignanovelvotingclassifierwhichvotesovertheensemblelearners
andcreatesamorecomplexmodeltogiveanaccuracyof89%.Apartfromthis,theauthorshavealso
analyzedthereceiveroperatingcharacteristic(ROC)curveforExtraTreeclassifierwhichshowsa
66%ofareaunderthecurve(AUC).Thevalidationprocedureusedisa5foldcross-validation.The
authorshavefurtheranalyzedthelifestylehabitsresponsibleforcontributingtothisproblembased
onimpurity-basedfeatureselectionandhaveobtained‘Age’asthemostcrucialfactorindeclining
seminalquality.

KEywoRDS
Decision Tree, Ensemble Learning, Feature Importance, Fertility, Logistic Regression, Naives Bayes, 
Seminal Analysis

1. INTRoDUCTIoN

Qualityofthespermproductioninmaledependsuponthehormonallevels,environmentalfactors
andgeneticconditions.Ithasbeenseenthatinalmost50%ofthemalesufferingforinfertility,the
causebehinditcannotbedetermined.Thelifestylefactorscandirectlyimpactthehormonallevels
whichinturnimpactsthechancesoffertilityinmen.Semenanalysis,whichisagoldstandardfor
checkingforinfertilityinmale,dependsonfactorssuchasspermcount,motility,fructoseleveland
pH.Alltheseparametersarerelatedtothelifestylechoicesthatamalemakesduringhislifetime
andhasaprofoundeffectonthefertilityresults.Themajormotivationfortakingupthisworkisthe
needtoanalyzehowthemalereproductivehealthrespondstothechangeinlifestylehabits.Integrity
ofthemale’sspermcellscanbedisruptedbysmoking,alcoholconsumptionandstress.Oxidative
damagecanalsoaffectthespermattheDNAlevel.Someofthesechoicesaremodifiablewhich

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonApril1,2020willproceedwithpublicationasanOpenAccessarticle
startingonJanuary25,2021inthegoldOpenAccessjournal,InternationalJournalofE-HealthandMedicalCommunications(converted
togoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-

ativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe
originalworkandoriginalpublicationsourceareproperlycredited.



International Journal of E-Health and Medical Communications
Volume 11 • Issue 2 • April-June 2020

79

givesagreaterchanceofavoidinginfertilityamongmenifcorrectedattherighttime.Itistherefore
important to understand how each of these features contribute to the infertility. Stress has been
identifiedtobelinkedtoreduceluteinizinghormoneandtestosteronesecretioninmalewhichcan
causespermatogenesistogodown.Ageisalsobeenseenasamajorfactorwhichisagaindependent
onissueslikejobsecurity,becauseofwhichpeoplewanttodelaychildbearing.Environmentalstress
canalsocontributetothecase,whichismuchmorerelevantinindustrializedcountries(Sharmaet
al.,2013;Harperetal.,2017).Therapeuticdecisionmakingforthecouplesufferingfrominfertility
isverycrucialandinordertoachievethat,identifyingthecausesthatleadtothisproblemisthemost
importantpointtolookinto.Identificationofthesecausesattherighttimecanleadtoanimprovement
inreproductivehealthandmightincreasechancesofconceiving.

Current trend in Electronic Health Care (EHR), aimed towards creating a better and more
personalized treatment regime for the patients using Deep learning techniques have also been
discussed.StudiessuggesttherolesofcertaindeeplearningtechniquesindevelopingeffectiveEHR
suchasConvolutionalNeuralNetworking(CNN),Multilayerperceptron(MLP),RecurrentNeural
Networks(RNN),RestrictedBoltzmannMachine(RBM)andAutoencoders(Shickeletal.,2018).The
workofMachinelearninginclinicalapplicationsisnotonlyrestrictedtodiagnosepatient’sphysical
healthrelateddiseasesfromabunchofdatabutcurrenttechniquesalsomakeitpossibletoassess
theemotionalstateofthepatientwhichbecomescrucialincertainstagessuchasinwomensuffering
frompostpartumdepressionafterpregnancy(Moreiraetal.,2019).Factorsotherthanlifestylehabits
ofthepatientshavealsobeenconsideredincaseofassessingthereproductivehealthofmalepartners
asdiscussedinthepaper.EndocrineDisruptingChemicals(EDC)suchaspthalatesinseminalplasma
havealsobeenidentifiedaseffectivebiomarkersassociatedwiththediminishedqualityofthesperm
healthwhichaffectsitsmorphologyandviability(Smarretal.,2018).

Theresearchgapsinfertilitystudiesexistinthecontextthatthereisaknowledgegapwhen
itcomestofertilityanditsrelationshipwithlifestylehabits.Misconceptionsregardingthisexist
whichmakesitdifficulttoimplementnewertechniquestoorganizeaneffectivemedicalregime
for patients with infertility. There is a requirement of extensive surveys which will also take
into account epigenetic markers that are responsible for occurrences of oligozoospermia and
oligoasthenoteratozoospermia.Thispoolofinformationatgeneticlevelcombinedwiththepower
ofMachineLearningcansolvetheresearchgapsthatexistwithrelationtoscreeningofthefactors
responsibleforinfertilityinmale.AugmentationofpatientcareusingtheconceptsofMachine
learningisthetechnicalmotivationforutilizingthistechnologytomovefromtheoreticaltoclinical
reality.Figure1givesalayoutofthescenarioweareaimingforinnearfuture.Anumberofneeds
canbemetusingsuchconcepts inclinical scenario suchas reduction inpatient readmissions,
preventionofhospitalacquiredinfections,predictionofchronicdisease,reductioninmortality
rate,savingtimeandincreasedaccuracyinthetestresults.

Ourmotivationforthisworkistotakeupapressingproblemlikeinfertilityinmaleandapply
theconceptsofMachineLearningtoit.Wehaveprovidedanapproachfordesigningaheterogeneous
weightedvotingclassifierwhichweighstheperformanceoftheindividualbaseclassifiersanddecides
theweightofthemodelsbasedonstatisticalindex.Ourapproachisnotonlybasedoncomparingthe
performanceofbaggingclassifierasanensemblemethodfordifferentbaseclassifiers,butalsoon
designinganeffectivevotingclassifierwhichtakesintoaccountthestrengthsandweaknessesofthe
baseclassifiersystems.Withotherensemblemethods,thereisalwaysachanceoflettingincertain
predictivemodelswithinferiorperformanceindexintheprocessofcombination,butaweighted
votingclassifierwillexcludethemandchoosetheindividualclassificationmodelswhichwillprovide
arelativelybetterperformance,thusprovingtobeamorereliabletoolforclassification.Ournovelty
liesindesigningofaheterogeneousweightedvotingclassifierandapplyingitforpredictingseminal
qualityinmale.Alongwithit,wealsolookintohowrandomnessaffectstheperformanceofthe
decisiontreemodelintermsofperformanceandaccuracy:
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• Detailedliteraturesurveyregardingfactorsaffectingmaleinfertilityhasbeenperformed;
• DetailedanalysisregardingBaggingclassifieranditsextensionshavebeendone;
• Designingofnovelvotingclassifierasensemblemethod;
• Statisticalanalysisanderrordetectionofthebestperformingclassifierperformed;
• Featureimportancerelatedtofertilityinmalehavebeenextracted.

2. LITERATURE REVIEw

Asurveywasconductedtoshowthat theseminalquality inmenhavedeclinedover thepast50
years(Carlsenetal.,1992)andovertime,withrapidchangeinlifestyle,theproblemhasonlygotten
worse.Thesechangeshavealsogivenrisetoproblemssuchastesticularcancer,cryptorchidismand
hypospadia.Areportofasurveylinkingeffectsofoccupationalexposuretosemenquality(Jurewicz
etal.,2014)wasreleasedanditrevealedarelationshipbetweenoccupationalexposuresandimpaired
semenparameters.Anotherstudyshowedhowage-dependentseminalqualityreductionwasamajor
concerningfactor,withthelargelyaffectedspermmotility(Eskenazietal.,2003).Also,ultra-structural
abnormalitieshavebeenobserved in spermatozoa incaseofpeopleconsumingmoreamountof
tobacco.Thishasalsobeenlinkedtoerectiledysfunctionincaseofmale(Daietal.,2015).Chronic
alcoholconsumptionwasalsoassociatedwitharrestofmaturationinthegerminalspermcellsat
thepachytenestage,leadingtoahaltinthegrowthofthecells,withnomaturesperms(Yaoetal.,
2016).Fertilitypreservationoptionsforpatientssufferingfromlongtermdiseasessuchascanceris
requiredtobemadeavailable(LeBihan-Benjaminetal.,2018)andthatiswhytheawarenessregarding
fertilityisofmuchimportance.Encouragementoffertilityrelateddiscussionsamongadolescents
andyoungadults(Skaczkowskietal.,2018)hastakenplaceanddocumentationoftheproceedings
hasbeenrecognizedasthekeytoevadeproblemsrelatedtoinfertilityinfuture.

InHealthcaresystems,cost isamajorfactorand ithasdirect relationwith increase in
clinicallaboratoryteststhatareneededtobeperformedfordiagnosisofadisease(Ichikawa

Figure 1. First step in the supervised machine learning
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etal.,2016).Someofthesetestsaremandatoryandsomearenot.Studieshaveshownwhere
buildingastrongpredictivemodelusingmachinelearningmethodshelpstounderstandwhich
ofthetestsareactuallynecessary,andthusalsocutsdownonmedicalbills.Machinelearning
isalsousedtoanalyzetheriskfactorinpatientsusingstatisticaltoolsincaseofhealthcare.
Infectionpreventionistshaveusedmachinelearningmethodsasaneffectivetooltodesignmore
effectivetreatmentsinordertosavetimeandreducetheriskoflifeofthepatients(Beeleret
al.,2018).MachineLearninghasallowedartificialintelligencetofindoutthepatternsfrom
real-worlddatasetsandhaveledtodata-drivenmodelingcapabilities(Willcocketal.,2018).
Thisallowsdecisionmakerstounderstandhowmuchlevelofuncertaintyisacceptableand
allowthemtomakeimportantdecisions.Usingensembleclassifiersinimprovingmodelsin
MachineLearninghavebeenusedpriorbyresearchersinvariousstudieswhichcombinedthe
powerofmorethanonebaseclassifierstoformastrongerpredictivemodelratherthanjust
selectingoneofthem(Rajetal.,2018).Baggingasanensembleclassifierhasbeenusedsince
alongtimeinordertotakeinbootstrapsamplesandaveragingthepredictionresultsatthe
end.Also,inordertoremoveirrelevantfeaturesfromthedatasetandtolowerthecomplexity
oftheclassificationsystems,featureselectionhasbeenrecognizedasanimportantstep.Novel
strategiestoremovetheredundantfeatureshavebeenemployedinvariousstudies(Gaoetal.,
2018) inorder to increase theperformanceof thebaseclassifiersbeingused.Work in this
fieldhasalsobeendoneusingneutrosophicrule-basedclassificationsystem(NRCS)which
generalizes the outcome of fuzzy rule-based classification and gives a better result with
lessercomplexityandreductionintimeconsumption.Literaturesuggeststheuseofhybrid
classification technique called the genetic neutrosophic rule-based classification system
(GNRCS)whichusesthegeneticalgorithminconjunctionwithNRCS(Bashaetal.,2018).
Predictionof fertilityusing IVF (In-VitroFertilization) treatmenthas alsobeenconducted
whichutilizesthehill-climbingwrapperalgorithmformostimportantfeaturesselectionand
togetridoftheredundantfeatures(Hassanetal.,2018).

Inourliteraturereview,wedidnotfindin-depthworkdoneonBaggingasanensemble
methodforpredictionoffertilitybasedonlifestylehabitsandwewantedtoexploitthebias
free and variance free method in our paper and its impact on prediction, which has lesser
computational expense as compared to other methods like Neural Networking being used
previously.Wehavealsomadeanefforttodesignanensembleofensembleclassifierstotest
whetheritcangivebetterperformance.Also,ourproposedalgorithminvolvesunderstanding
thedependencyoflifestylefactorsincaseofmaleinfertilityanduptowhatextenteachof
themaffectstheresultsofseminalanalysis.

3. MATERIALS AND METHoD

3.1. Dataset Details
Wehavechosenthe‘FertilityDataset’fromUCIMachineLearningRepositorytoservethepurpose
ofourexperiment.Thesemensampleshavebeengivenby100volunteersandhavebeenanalyzed
dependingonthecriteriasetbyWHOin2010.Thedatasetenliststheattributesanddescriptions
ofthedataset.Seasoninwhichtheanalysiswasperformed,Ageatthetimeofanalysis,Childish
diseases,Accidentorserioustrauma,Surgicalintervention,Highfeversinthelastyear,Frequency
ofalcoholconsumption,Smokinghabit,NumberofhoursspentsittingperandDiagnosisarethe
attributeswhichhavebeenconsideredforpredictingtheclasslabels:

NumberofAttributes:10
NumberofInstances:100
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3.2. Classification Systems - Base Classifiers
3.2.1. Decision Tree Classifier
DecisionTreesinMachineLearningarestatisticaltoolsusedforclassificationandregressionpurposes.
Thesetreescansplitthedatatakeninbasedonvariousattributesandreachafinaldecision.CART
referstoClassificationandRegressionTreesandthesearedecisiontreesusedforclassificationand
regressionmodelingsystemsinvolvedinpredictingoutcomesandisusedforbinaryclassification
problems.InCART,atfirst,weaddarootnodetothetree.Thisnodewillreceivealltheinformation
ofthetraineddatasetandwillaskaTrueorFalsequestionabouteachfeatureatthesplitpointonthe
basisofwhichfurthersplittingwilltakeplace.Thissplittinggivesarisetochildnodeswhichkeeps
onsplittingunlesswegetthepurestformoflabelsateachnode(leafnode).Basedonthefeature
variable,thesplitpointisdeterminedbyanattributevaluetest.Thistestincludesmetricssuchas
GiniImpurityandEntropy(Shannonetal.,2001).FollowingtwoequationsdescribeEntropyand
Giniimpurity(Kimetal.,2016),respectively:

He(S)=−∑y∈Cp(y)log2p(y) (1)

Hg(S)=∑y∈Cp(y)(1−p(y))=1−∑y∈Cp(y)2 (2)

whereS represents thedataset,C isasetofclasses,andp(y) is theproportionof thenumberof
sampleswiththeclasslabel,yinC.BothGiniimpurityandentropyhave0whenthereistheonly
oneclassinCandreachthemaximumvaluewhenallclassesareequallyprobable.Thesplitruleis
determinedbyareductioninentropyandGiniimpurityafterthesplit,whichiscalledinformation
gainandcanbegivenas:

G(r,S)=H(S)−∑tp(t)H(t) (3)

whererisacertainsplitruleandtrepresentthechildnodesinducedbyronthesetSatthecurrent
node.p(t)istheproportionofthenumberofsamplescorrespondingtot.Theattributeandthevalue
forsplitrulearedeterminedtoobtainthemaximuminformationgainatthecurrentnode.

3.2.2. Naive Bayes Classifier
UnlikeDecisionTreeClassifiers,NaiveBayesutilizesprobabilisticmethodsinsteadofprediction
underuncertaintytopredict theoutputresultof theclass.Givenatrainingdataset,D={X1,X2,
…,Xn},eachdatarecordisrepresentedas,Xi={x1,x2,…,xn}.Dcontainsthefollowingattributes
{A1,A2,…,An}andeachattributeAicontainsthefollowingattributevalues{Ai1,Ai2,…,Aih}.The
attributevaluescanbediscreteorcontinuous.DalsocontainsasetofclassesC={C1,C2,…,Cm}.
Eachtraininginstance,X∈D,hasaparticularclasslabelCi.Foratestinstance,X,theclassifierwill
predictthatXbelongstotheclasswiththehighestposteriorprobability,conditionedonX.Thatis,
theNBclassifierpredictsthattheinstanceXbelongstotheclassCi,ifandonlyifP(Ci∣X)>P(Cj∣X)
for1⩽j⩽m,j≠i.TheclassCiforwhichP(Ci∣X)ismaximizediscalledtheMaximumPosteriori
Hypothesis(Farid,D.M.,et al.,2014):

P(Ci|X)=[P(X|Ci)P(Ci)]/P(X)

Thisalgorithmassumesthatthefeaturesweuseareindependentofeachother.ForaGaussian
NaiveBayesmodel,inadditiontotheprobabilitycalculationforinputvaluesforeachclass,wealso
calculatethemeanandstandarddeviationtosummarizeourresults.
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3.2.3. Logistic Regression
Itquantifiestherelationshipbetweenadependentcategoricaloutcomeandoneormoreindependent
predictorvariables.Thelogisticregressiongivespredictedprobabilitiesforeachcategory(Stylianou
etal.,2015).LogisticRegressionpredictstheoutputusingafunctioncalledthelogisticfunction.
Thelogisticfunctionisa,whichtakesanyinputandgivestheoutputasavaluebetweenzeroand
one.Theequationcanbegivenas:

1

1

�

� � �+( )−e value


where,eisthebaseofthenaturallogarithmsfunctionand‘value’istheactualnumericalvaluethat
youwant to transform.Logistic regressionmeasures theoutputbetweencategoricallydependent
variableandoneormoreindependentvariables.

3.3. Classification Systems - Ensemble Classifiers
Theirbasicideaoftheensembleclassifiers(Salehetal.,2017)isthattheanalysisofdifferentaspects
oftheproblem,throughtheuseofadiversesetofclassifiers,canimprovetheperformanceofany
single individual classification system. Inmedical studies especially, ensemble classifiers areof
greatimportancebecauseitimprovesthefunctionofabaseclassifier,andpreventsproblemsuch
asover-fitting.Ensemblebasedclassifiersperformbetterthansingleclassifierbyeithercombining
powersofmultiplealgorithmsorintroducingdiversificationtothesameclassifierbyvaryinginput
(Bijalwanetal.,2016).

3.3.1. Bagging
Bagging(Kunchevaetal.,2002)standsforBootstrapaggregating.Inparticular,itmainlyworksby
reducingthevariancecomponentofthelossfunction(usually,themisclassificationprobability)of
agivenbaseclassifier.Itutilizestheaveragingmethodtobuildindependentclassifiersandaverage
theirpredictions.Thisisaneffectiveensemblemethodbecauseitgreatlyreducesvariancecompared
tothesingleclassifiers.Figure2.showsanillustrationofBaggingClassifier.Here,nistheno.of
instancesinthetrainingsampleandn’isthenumberofinstancesthatweputineachbag.Thedifferent
modelstrainedfromeachbagistesteduponbysimilarfeatures(X)togetameanmodelwhichgive
usthefinaloutput(Y).

WecantrainMdifferenttreestotraindifferentsubsetsofthedatatocreateanensembleclassifier.
Theequationcanbegivenasthefollowing.

Theaveragingmethodofensemblemethodcanbeextendedtotwomoreclassificationsystems
whichusesweaklearnerslikeDecisionTreestoincreasetheiraccuracyresults.Theseare:Random
ForestClassifierandExtraTreeClassifier.

3.3.2. Random Forest Classifier
The random forest (RF) model (Patel et al., 2016) is based on the grouping of trees for
classificationandregression(CART).Themethodisbasedonthetree-typeclassifier.Each
treeclassifier isnamedacomponentpredictor.A largenumber treemakesRFfromsub-
dataset.Thedistinctivetrainingsetiscompletedbyusingbagging.RandomForestClassifier
developslotsofdecisiontreesbasedonrandomselectionofdataandrandomselectionof
independentfeaturestocreateaforest.Figure3belowshowstheillustrationofaRandom
forestclassifier.
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Figure 2. Second step in the supervised machine learning to show us the final predicted outcome

Figure 3. Demonstrates the bagging technique
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3.3.3. Extra Tree Classifier
AlsoreferredtoasExtremelyRandomizedTreeClassifier(Geurtsetal.,2006),itisacollectionof
anumberofalreadyproducedrandomizedtreeswhichcreatesanensemblewhichgivesrisetomore
randomization.Twomaindistinctionsthatitmighthavewithothertree-basedclassificationsystem
arethat:firstly,itchoosesitscutpointsentirelyatarandomstateandsecondly,itusestheentire
trainingdatasettogrowthetree,unlikeincaseofBagging.Thisisusedtoreducethevarianceofthe
classificationmodelmoreandproduceamuchbetteraccuracy.

3.3.4. Voting Classifier
TheideaofdesigningaVotingClassifierinvolvestakinginentirelydifferentclassifiersandusing
eithermajorityvote(hardvoting)oraveragedprobabilities(softvoting)inordertobuildamuch
betterensemblemethodtopredicttheclassonout-of-sampledata.

Inthispaper,wehaveusedanexperimentalsoft-votingtechniqueandhaveappliedonbagged
baseclassifiers.Thebaseclassifiersthatweusedinthispaperareofdifferenttypesandthus,we
havechosentovoteontheensembleofheterogeneousbaseclassifiers.Theideabehindthiswas
tobuildamorecomplexmodelandseeifitcangiveabetterresultthantheindividualensemble
classifiers(bagged)wehadalreadybuiltbybalancingouttheirweaknesses.IncaseofSoftvoting,
weusepredictedprobabilities‘p’foreachclassifierandassignweights‘w’inordertogetafinal
averagevaluewherewecombinealltheclassifiers.Softvotingreturnstheclasslabelasargmaxof
predictedprobabilities.Intheequation,‘i’istheclasslabeland‘j’istheindividualclassifierthat
weareusing.TheequationforaSoft-votingclassifiercanbegivenas:

ˆ arg�max
�

y w p
i

j

m

j ij
=

=
∑
1



Theseaveragevaluesforeachclasslabelarecomparedinordertounderstandwhichisthebest
predictedclasslabelandthedecisiontakenhascontributionsfromalltheindividualclassifiers.

3.4. Validation Procedure
Inourpaper,wehaveusedk-foldcrossvalidationasastandardmethodfortrainingourclassification
models.Train-Testsplitmethodcanalsobeusedtosplitbetweenourtrainingandtestingdataset,
butitrunsintotheproblemofunder-fittingasapartofthetrainingsethasalreadybeenremoved.
Ink-foldcrossvalidationsystem,wedividetheentiredatasetintokpartswithequalamountsof
dataineachpart.Now,weconsider(k-1)tobethetrainingmodelandtherestisthetestingmodel.
Thisisrepeatedforktimeswith(k-1)astrainingsetandtherestasvalidation(testing)set.Theerror
estimationisaveragedovertheno.oftrialsconductedandthetotaleffectivenessofthemodelis
calculatedaccordingly.Figure4.showsusthe5-foldcrossvalidation.

3.5. Feature Importance
Understandingthefeatureimportanceisofutmostpriorityinordertobuildabetterclassification
modelinfuture.Allthefeaturesofadatasetarenotequallyimportantandunderstandingthiswill
enableustochoosethebestones.Itwillreducecomplexityinthedatasetandprovideamuchbetter
chancetobuildanefficientclassifier.Wehaveusedanimpurity-basedfeatureselectionmethodin
thispaperwheretheweightofeachdecisiontreeintheforestiscalculatedbasedonsummingof
thedependencyofeachfeatureateachsplitpoint.Foranensembleclassifier,thesedependencies
areaveraged.Inthispaper,weareaimingtoisolatethebestclassifierandanalyzethefeaturesto
understandtheimportanceofeachfeature.
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3.6. Procedure
WehaveusedScikitLearn(apythonlibrary)toapplytheconceptsofMachineLearningandEnsemble
Methodstoourdataset.Wehaveuseddefaultparametersoftheclassifiersintheprediction.Figure5
showstheflowchartotheentireworkingmodelthatwehaveproposedtobuildinthispaper.The
entireprocedurecanbesummarizedasfollows:

• Weatfirstapply3baseclassifiers:DecisionTreeClassifier(CART),GaussianNaiveBayes
ClassifierandLogisticRegressiontoourFertilityDatasetandanalyzetheperformanceofeach.
Wehaveuseda5-foldcrossvalidationprocedure;

• Thenforeachmodel,weuseBaggingClassifierastheensemblemethod;
• WethenanalyzetheperformanceoftheBaggedClassifierstounderstandwhichistheweakest

ofthe3models;
• Wethentakethisweakmodelandgoontoimproveitsaccuracybyapplyingextensionsofthe

BaggingClassifier,i.e.RandomForestandExtraTreeclassifier;
• Wethencomparetheperformanceofalltheseensemblemethodsandfindoutwhichisshowing

thebestresult.Thedetailedanalysisofthebestclassifieristhendone;
• Another novel method has been proposed in this paper, i.e.to create a much more complex

ensemblelearneroverindividualensemblelearners(baggedclassifiers)byintroducingaSoft
Votingtechnique;

• WealsouseFeatureImportancetooltounderstandtheimportanceofeachfeatureinthebest
isolatedensembleclassifiersothatfeatureselectioncanbedone.

4. RESULTS

4.1. Performance Analysis
Usingvariousmetrics,wecancomparetheperformanceofthebaselearners.Table1summarizes
theaverageoutcomeofeachoftheseclassifiersused.

FromTable1, it isclear thatDecisionTree(CART)is theweakest learnerofall the3base
classifiers.Inanattempttoincreasetheirperformance,wehaveusedBaggingensemblemethodfor
eachoftheclassifierandanalyzedtheirperformance.Table2.summarizestheoutcomeof‘Bagging’
onbaseclassifiers.

Inthispaper,wehavealsoshownanovelmethodforcreatingacomplexensembleclassifier
overalreadyexistingensemblelearners(Baggedclassifiers).WehaveusedtheconceptofVoting
ClassifierandhaveappliedSoftvotingtechniquetocreateastrongerensemblemodel.SoftVoting
utilizestheaverageweightedprobabilitiesofeachclasslabelfromalltheclassifiers,andestimate

Figure 4. Depicts a random forest classifier
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Figure 5. Depicts the k fold cross validation of 100 instances

Table 1. Overview of the performance of the base classifiers

Base Classifiers Precision Recall F1 Score Accuracy%

DecisionTree(CART) 0.79 0.78 0.79 78%

LogisticRegression 0.77 0.88 0.82 88%

GaussianNaiveBayes 0.77 0.83 0.80 83%

Table 2. Overview of the performance of the bagged classifiers

Classifiers Precision Recall F1 Score Accuracy%

DecisionTree(Bagged) 0.87 0.89 0.87 88%

LogisticRegression
(Bagged) 0.77 0.88 0.82 88%

GaussianNaiveBayes
(Bagged) 0.84 0.87 0.85 84%
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which class label shows the highest result. Our aim was to compare the performance of a new
complexensemble(VotingClassifier)overindividualBaggedbaselearners.Baggingisapowerful
ensembletechniquewhichaveragesthepredictionsofindividualbaselearnersandreducevariance
oftheclassifiers.Inourmodel,wehaveattemptedtousethesebaggedclassifierstoconstructone
singlemodelwithimprovedperformance.FromTable3,wecanseethattheVotingClassifierhas
indeedshownanincreasedperformanceovertheindividualBaggedclassifiers.TheVotingclassifier
whichwedesignedcombinestheperformancesofalltheensembleclassifiersusingaveragepredicted
probabilitiesandvoteforthebestclasslabelstoprovidebetteraccuracy.TheVotingClassifieristhe
complexensembleoftheBaggedclassifiers.

Oneofourmainaimsofthispaperwasalsotoanalyzetheweakbaseclassifierandthrough
extensionsofBaggingensemblemethod,buildabetterclassificationsystem.Outofalltheclassifiers
thatwehaveused,wecanseethatDecisionTreeistheweakestlearnerandweareaimingtobuilda
betterversionofthis.InTable4,wediscussversionsofBaggingEnsembleclassifierontheDecision
Treetoanalyzetheirperformances.

FromthedatainTable4,wecansaythatExtratreeclassifiercanbeconsideredasagoodaveraging
ensembletechniquetobeusedwiththisdataset.Thisclassifiertakesinextremelyrandomizedforests
ofdecisiontreesandaveragesouttheresulttogiveanaccuracywithlowervariance.Comparingit
withthebaselearnerDecisionTreethatwehaveusedbefore,wegeta12%increaseinaccuracy,which
ishuge.So,wecansaythatthebaggingensembleclassificationisindeedaneffectivetechniqueto
improvetheperformanceoftheweaklearningclassifierslikeDecisionTreesandcanbeeffectively
usedinmedicaldatasets.

4.2. Feature Importance Analysis
Evaluatingtheimportanceofeachfeatureisessentialinordertobuildamuchbetterclassifierand
enhanceitsperformance.Inourpaper,wehavediscussedthemostimportantlifestylefeaturesthat
contributetofertilityinmaleandhaveofferedanImpuritybasedfeatureselectiontoisolatethe
mostimportantfeatures.Understandingthiswillgiveusamuchclearerideaonwhatfactorsmainly
thisproblemdependsuponandhowthecourseoftreatmentshouldproceed.Inmedicaldiagnosis,
itisofutmostimportancetounderstandwhichareastofocusonandhoweachparameteraffects
thehealthoftheindividual.Here,wewilldiscussthefeatureimportanceintheFertilitydataset

Table 3. Voting classifiers

Classifiers Accuracy

DecisionTree(Bagged) 88%

GaussianNaiveBayes(Bagged) 84%

LogisticRegression(Bagged) 88%

VotingClassifier(SoftVoting) 89%

Table 4. Shows the performances of extensions of bagging ensemble method on decision tree

Classifiers Accuracy%

DecisionTree 78.80%

BaggedDecisionTree 88.12%

RandomForestClassifier 89.07%

ExtraTreeClassifier 90.02%
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usedinExtremelyRandomizedForestsofdecisiontreesusingFiltermethod,whichsuggestsa
statisticalmethodlikeGiniimpuritytoassignthescoretoeachfeatureandgetarankingbasedon
theirdependencyonclasslabels.

From the data in the graph in Figure6, we can tabulate the rankings and understand which
themostimportantfeaturesare,andwhicharetheredundantones.ExtraTreeClassifierconsists
ofanumberofDecisionTreesandateachnodeofthetree,splittingoccursbasedonaparticular
feature.TheoptimalconditionstobeselectedforsplittingatanodeismeasuredbyGiniimpurity
orInformationGain/Entropyincaseofclassificationproblems.IncaseofDecisiontrees,themain
ideaofcalculatingfeatureimportanceistoseehowmucheachofthefeaturesaffecttheweighted
impurityinthedecisiontree.Incaseofaforestoftrees,themeanofdecreasedimpurityduetoeach
featurecontributionisfoundoutandtherankingisgivenaccordinglyinTable5.

4.3. Result Analysis
ThebasicdifferencebetweenaBaggedDecisionTreeandRandomForestisthatincaseofBagging,
weareconsideringallthefeaturesforsplittingatthenode,butincaseofRandomForest,weare
consideringasubsetoffeaturesbeingchosenrandomlyfromtheentiresetandthebestsplitfeature
fromthesubsetisusedforsplittingeachnodeintheDecisionTree.Extremelyrandomizedforests
ontheotherhandtestssplitsrandomlyoverasubsetoffeatures(unlikeincaseofRandomforest
whereallthesplitsforasubsetoffeatureswereconsidered).Thisavoidsanychanceofbiasness.As
weareintroducingmorerandomizationintheDecisionTrees(likeincaseofExtraTreeClassifiers),
weareminimizingthechanceofvarianceandthusobtainafairlyreliablemodelforoutofsample
predictions.Figures7,8,9and10depict thedifferentgraphical representationof theclassifiers
dependingontheaccuracyscore.Fromtheresults,wecanconcludethatExtraTreeClassifiershows
thebestaccuracyamongallotherbaggingclassifiersandtheVotingclassifierwhichwedesigned
alsogivesusaprettygoodscore.

Figure 6. The workflow of the proposed model
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WehavealsofoundouttheConfusionMatrixandhavedoneaReceiverOperatingCharacteristic
(ROC)curveanalysisforExtraTreeclassifierwhichgivesusthemaximumaccuracyamongallthe
ensembleclassifiersused.Ourpredictionsshowa66%ofAreaUnderCurve(AUC)whichcanbe
furtherimprovedbyusingGirdSearchCVforoptimizingthesensitivityoftheclassifier.Thethreshold
valuecanbeadjustedtocreateabalancebetweensensitivityandspecificityinfutureresults.Table
6.showstheConfusionMatrixforExtraTreeClassifierandFigure11showstheplotforROCcurve
forthesameclassifier.OtherperformanceanalysisparametersfortheExtraTreeclassifierfromthe
confusionmatrixhavebeendepictedinTable7.

Tables8and9alsodiscussabout the timerequired forbuildingdifferentEnsemblemodels
usedforpredictionofmalefertility.Computationaltimeisanotherimportantfactorwhichistobe
considered.Weshouldaimatbuildingaclassifierwhichgivesbetterresultanddoesnotconsume
muchcomputationaltime,whichisadrawbackforpowerfulclassifierslikeasneuralnetworks.Our

Table 5. Ranking of the features according to the importance

Feature Number Features Ranking

f2 Age 0.189

f9 Numberofhoursspentsittingperday 0.154

f1 Season 0.148

f4 Accidentorserioustrauma 0.113

f7 Frequencyofalcoholconsumption 0.102

f6 Highfeversinthelastyear 0.094

f5 Surgicalintervention 0.082

f8 Smokinghabit 0.062

f3 Childishdiseases 0.053

Figure 7. Plot showing an improved accuracy on using extremely randomized forest as ensemble classifier over the decision 
tree classifier
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resultsshowthatVotingclassifier,whichcombinestheperformanceofthedifferentbaseclassifiers
takesmaximumtimetopredictthanotherensemblemethods.

Understandingthebestpossiblefeaturesfordecidingthediagnosisforinfertilityinmaleisof
utmostimportance.Sincethemostimprovedresultsinaccuracyhavebeenfoundouttobeincase
ofExtremelyRandomizedTreeclassifier,thefeaturerankingincaseofthisensemblemodelcan
giveusimportantinformationlikewhichlifestylefactorsaffectmostincaseofthediagnosisand
whicharetheleastimportantfeatures.Fromthedatathatwehavecollected(refertoTable5),we

Figure 8. Plot showing the ranking of the features in order from most important to least important

Figure 9. Graphical representation of the classifiers depending on accuracy score
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canunderstandthatageoftheperson,no.ofhoursspentsittingperday,andseasoninwhichthe
analysiswasperformedarethemostimportantfeatureswhichinfluencesthedecisiontakenbythe
ExtraTreeClassifier.Ageisoneofthemostincreasingproblemsandstudieshavedemonstratedthat
withincreasingage,thespermqualityinmaledeclines.Spermproductioninthetestesalsodecline
withagebecauseofthereducednumberofSertoliandLeydigcells.Thickeningofbasalmembrane

Figure 10. Graphical representation of the classifiers depending on accuracy score

Figure 11. Plot for ROC curve
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ofSeminiferoustubuleandreducedvascularizationofthetestescontributetothereductionofthese
cells(Zitzmannetal.,2013).

5. CoNCLUSIoN

Themainaimofourpaperwastobuildastrongclassifiersystemsothatwecanunderstandwhich
lifestylefactorsaffectinfertilityinmalesthemost.Ensembleclassifiersoffersagreaterchanceof
accuracythanbaseclassifiersasitcombinesthepowerofmorethanonebaseclassificationsystem
together.Toensurethanthatpropertiesoftheclassifiermatchesthatoftheneedsoftheapplication
domain,ensembleclassifiersbecomeessentialforpoolingthedecisionofdifferentbaseclassifiers
sothatthefinaldecisionisbeingreachedat.Ensembleclassifierscanofferanadditionaldegreeof
freedomwithrespecttobiasandvarianceandhelpstoreachatamuchfeasibleconclusionforreal
worldproblemswhicharemuchmorecomplex.

Inthispaper,wehavetakenupBaggingclassifieranditsextensionslikeRandomForestclassifier
andExtremelyRandomizedForestsclassifier(ExtraTree)asensemblemethodstounderstandhow
effectivelyitcanshowanimprovementoverbaseclassificationsystemlikeDecisionTrees.Whenwe
usedbaggingonbaseclassifierslikeDecisionTrees,GaussianNaiveBayesclassifierandLogistic
Regressionmodel,wefindthatthemostimprovementisseenincaseofDecisionTreeswhereweget
aleapfrom78%to88%.Whiledivingdeeperintotheextensionsofbagging,weseeanincrementin
accuracyfrom88%inbaggedDecisionTreeto90%incaseofExtraTreeclassifier.Thus,thetrue
strengthofBaggingisseentobeincaseofunstablebaseclassifierssuchasDecisionTreeswhich
isextremelysensitivetochanges.Inthisregard,ExtremelyRandomizedclassifiershowsthebest
performanceaccordingtotheresultsofourexperiment.TheROCcurverepresentationofExtraTree
classifiershows66%ofAUC.Ontheotherhand,linearmodelssuchasLogisticRegressiondonot
showmuchimprovementwithBaggingastheyarestable(forthisreason,bothLogisticRegression
modelandbaggedLogisticRegressionmodelgivessameaccuracyof88%).VotingClassifiershows
anaccuracyof89%whichismorethantheperformanceofthebaggedensemblemodels.

The future of Machine Learning in clinical experimentations hold promising avenues to be
explored. In cases of fertility prediction using Machine Learning, studies are already underway
toexplorethesuccessratesofIVFincasesoffemalebaseduponthedependentvariablessuchas
patient’smedicalhistory,historyofmiscarriages,etc.Deeplearningtechniquessuchasartificial
neuralnetworkingareusedforsuchcasesandthepredictionsarebeingmade.Baggingclassifieras
ensemblemethodcanmildlyreduceperformanceforclassifiersuchask-nearestneighborsandit
mightnotperformwellwithnon-linearrelationshipbetweendependentandindependentvariables.
Thedeeplearningmethodscanhelptoeliminatesuchproblems.SuccessrateofIntraCytoplasmic
SpermInjection(ICSI)canalsobepredictedusingthismethodbyanalyzingthespermconcentration,
spermvitality,etc.ImplementationofMachinelearningalgorithmsalongwithInternetofThings
(IoT)arecomingupwithwearabletechswhichwillallowtopredictthetimewhenthewomanis
mostlikelytoconceive.Incasesofmalefertilityprediction,scopesalsolieinareasconcernedwith
imageprocessingassociatedwithstudyingofthespermmorphologythroughfeatureextraction.For
graspingabetterunderstandingofthelifestylefactorsthatcandirectlycorrelatewiththeproblem
ofinfertilityinmales,thecollectionofmoredatainfutureisnecessaryinordertobuildastronger
andmorereliableclassifiersystem.
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