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ABSTRACT

Breastcanceristhemostcommonofallcancersandistheleadingcauseofcancerdeathsinwomen
worldwide.Theclassificationofbreastcancerdatacanbeusefultopredicttheoutcomeofsome
diseasesordiscoverthegeneticbehavioroftumors.Dataminingtechnologyhelpsinclassifying
cancerpatientsandthistechniquehelpstoidentifypotentialcancerpatientsbysimplyanalyzingthe
data.Thisstudyexaminesthedeterminantfactorsofbreastcancerandmeasuresthebreastcancer
patientdatatobuildausefulclassificationmodelusingadataminingapproach.Inthisstudyof2397
women,1022(42.64%)werediagnosedwithbreastcancer.Amongthefourmainlearningtechniques
suchas:RandomForest,NaiveBayes,ClassificationandRegressionModel(CART),andBoosted
Treemodelwereusedforthestudy.TheRandomForesttechniquehadthebetteraccuracyvalueof
0.9892(95%CI,0.9832-0.9935)andasensitivityvalueofabout92%.ThismeansthattheRandom
Forestlearningmodelisthebestmodeltoclassifyandpredictbreastcancerbasedonassociatedfactors.
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INTRoDUCTIoN

Breastcancerisamalignanttumorwhichdevelopswhencellsinthebreasttissuedivideandgrow
withoutthenormalcontrolsoncelldeathandcelldivision.Breastcanceristhemostcommoncauseof
deathamongwomenwithcancer(522.000deathsin2012),theincidenceratestoodatapproximately
17percentandtypeofcancermostattackedwomenin140of184countriesintheworld(Ferley
etal.2013).BreastcancerisontheincreaseinGhana.Brayetal(2018)reportalsoindicatesthat
atotalof13,807cancercaseswererecordedinfemalesofallagesduringtheresearchperiodin
Ghana.BreastCancerledwith4,645(33.6percent),CervixUteriCancerfollowedwith3,151(22.8
percent),thenOvaryCancerwith861(6.2percent),LiverCancerwasfourthwith737(5.3percent)
andColorectumCancerhad570cases(4.1percent).Therestoftheothercancercasesrecorded3,843
whichconstituted27.8percent.Theincidencerateofbreastcancerinwomencurrentlystandsat43
percentwhilesthemortalityrateis17.7percent.Thereportestimatesthatover4600newcasesof
breastcancerwillbediagnosedinGhanathisyearandthatmorethan1,800womenwilllosetheir
livestothiscancer.Scientistsdonotknowtheexactcausesofmostbreastcancer,howeverthereare
someknownriskfactorsthatincreasethelikelihoodofawomandevelopingbreastcancer.These
factorscontainsuchattributesasage,familyhistoryandgeneticrisk.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonMay24,2019willproceedwithpublicationasanOpenAccessarticle
startingonJanuary20,2021inthegoldOpenAccessjournal,InternationalJournalofBigDataandAnalyticsinHealthcare(converted
togoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-

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

Breastcanceroccurrence is increasinggloballyandoneof themajorcausesofdeath inwomen
comparedtoallothercancers.ChaurasiaandPal(2017)breastcancerisamajorhealthproblemand
representsasignificantworryformanywomen.Toreducelifelosses,detectingbreastcancerearlyis
veryessentialanditcallsforaccurateandreliablediagnosisprocedure.Oneofthemajorproblemsin
medicalapplicationsismedicaldiagnosisLiouandChang(2015).Theapplicationofmachinelearning
methodsiswidelyusednowadaysinmedicaldiagnosisforprediction.Oneofthemostinteresting
andchallengingtasksistodevelopdataminingapplicationsinthepredictionofanoutcomeofa
disease.Saleemaelal.(2014)positedthat,theproductionandavailabilityoflargevolumesofthe
medicaldatabythemedicalresearchgroupshasresultedinmakingdataminingtechniquesapopular
researchtool.Thistoolisusedtoidentifyandexploitpatternsandrelationshipsamonglargenumber
ofvariablesandalsotopredictanoutcomeofadiseaseusingthehistoricaldatasets.

Variousstudieshavebeendoneontheapplicationofdataminingtechniquesindiagnosingbreast
cancer.Oneofsuchstudieswasby(Bellaachia&Guven,2006),whoreportedthatC4.5algorithm,
gavethebestperformanceof86.7%accuracyhavingusedtheSEERdatatocomparethreeprediction
modelsfordetectingbreastcancer.Theuseofthegeneticalgorithmmodelonthedataofbreastcancer
patientsexploredby(Chang&Liou,2008)yieldedabetterresult thanotherdataminingmodels
fortheanalysisoftheoverallaccuracyofthepatientclassification,expressionandcomplexityof
theclassificationrule.Investigationby(Abdelaalelal.,2010)revealedthatSVMtechniquesshow
a promising result for increasing diagnostic accuracy of classifying the cases witnessed by the
largestareaundertheROCcurvecomparabletovaluesfortreeboostandtreeforest.Theapproach
by(Christobel&Sivaprakasam,2011)decisiontreeclassifier(CART)forbreastcancerdiagnosis,
attainedanaccuracyof69.23%.ComparingtheclassificationaccuracyofSupportVectorMachine
(SVM),IBK,BFTreealgorithms,theSVMhadthebestaccuracy(LavanyaandRani,2012).Asri
elal. (2016)applied theperformanceofSupportVectorMachine (SVM),DecisionTree (C4.5),
NaiveBayes(NB)andkNearestNeighbors(kNN)ontheWisconsinBreastCancerdatasets.The
resultsindicatedthatSVMhadthebestperformanceintermofaccuracy(97.13%).Astudyonbreast
cancercomparingdataminingtechniquesforbreastcancershowsthatC4.5isthebestclassification
techniqueforbreastcancerasithadanaccuracyrateof86.70%(Zand,2015).Shajahaanetal.(2013)
intheirstudyshownthat,RandomTreewasthebestdataminingtechniquetoclassifyandpredict
breastcancerwithanaccuracyrateof100%.

MeTHoDoLoGy

ThestudywascarriedoutattheKorleBuBreastClinicandtheNationalCentreforRadiotherapyand
NuclearMedicine,bothlocatedintheKorleBuTeachingHospital(KBTH).KBTHistheleading
nationalreferralCentreinGhanareceivingpatientsfromacrossthecountry,butmostlyfromthe
southernpart.TheRadiotherapyCentreservesas thecancerCentre for thehospital.TheBreast
clinic,runbyamultidisciplinaryteam,receivesreferralsbutisawalk-inclinicthatadmitswomen
whodesiretobescreenedforbreastcancerwithoutaformalreferral.ThisstudyusedTwothousand
threehundredandninety-seven(2397)women.

INCLUSIoN AND eXCLUSIoN CRITeRIA

AllGhanaianwomenwhovisitedtheNationalCentreforRadiotherapyandNuclearMedicineand
thewalk-inclinicforbreastscreeningwereeligible.Caseswererequiredtohavehistologicallyproven
breastcancer.Patientswithincompleteinformation,othermalignancies(e.g.sarcomas)andagedless
thantwenty(20)yearswereexcluded.
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STATISTICAL DATA MINING TeCHNIQUeS

Thereareseveraltechniquesortoolsthatareusedtomodeleitherbypredictionorforclassification
purposes.Thesetoolsareusedinbuildingaccurateandefficientclassifiersforlargedataset.This
istheworkofdataminingandmachinelearningtechniques.Dataminingtechniquesareusedfor
classificationandtoincreaseunderstandingofthedomainortoimprovepredictionscomparedto
unclassifieddata.Buildingeffectiveclassificationsystemsisoneofthecentraltasksofdatamining
(Chaurasia&Pal,2017).Manydifferenttypesofclassificationtechniqueshavebeenproposedin
literaturethatincludesDecisionTrees,Naive-Bayesianmethods,SequentialMinimalOptimization
(SMO),IBK,BFTree,randomforesttree,naïvebayesmodel,classificationandregressiontree(CART)
andboostedtree.Someofthetechniquesareclassifiedastraditionaltechniques.Thesetraditional
techniquesinclude;Chi-Squaretest,Binarylogistic,AnalysisofVariance(ANOVA)amongothers.
Duetotheadvancementofstatisticalmodelingforaccuracypurposes,dataminingtechniqueshave
beendevelopment to enhance theworkof the traditionalmodels.Though theyareknown tobe
traditionalmodels,yettheyarestillefficientinitsusage.Dataminingisregardedasanemerging
technologythathasmaderadicalchangeintheinformationworld.Theterm`datamining’(often
calledasknowledgediscovery)referstothemethodofanalyzingdatafromdifferentperspectivesand
summarizingitintovaluableinformationbymeansofanumberofanalyticaltoolsandtechniques,
whichinturnmaybeusefultoincreasetheperformanceofasystem.Technically,“dataminingis
themethodoffindingcorrelationsorpatternsamongdozensoffieldsinlargerelationaldatabases”.
Therefore,dataminingconsistsofkeyfunctionalelementsthattransformdataontodatawarehouse,
managedatainamultidimensionaldatabase,facilitatesdataaccesstoinformationprofessionalsor
analysts,analyzedatausingapplicationtoolsandtechniques,andmeaningfullypresentdatatoprovide
usefulinformation(Goldschmidt,2006;Bace,2000).

Thedataminingconsistsofmethodsservingvariouspurposes.Classificationandclusteringare
thetwomostcommontechniquesofdataminingwhichareusedinfieldofmedicalscience.However,
mostdataminingmethodscommonlyusedareofclassificationcategoryastheappliedprediction
techniquesassignpatientstoeithera”benign”groupthatisnon-cancerousora”malignant”group
thatiscancerousandgeneraterulesforthesame.Theaimofclassificationistobuildaclassifier
basedonsomecaseswithsomeattributestodescribetheobjectsoroneattributetodescribethe
groupoftheobjects.Then,classifierisusedtopredictthegroupattributesofnewcasesfromthe
domainbasedonthevaluesofotherattributes.Thedataminingtechniquesweredevelopedtoprovide
accurateandpreciseresultsfordecisionmaking.ThisstudyusedlearningtechniquessuchRandom
ForestTree,ClassificationandRegressionTechnique(CART),NaiveBayes,andBoosttechniques.
StudiesonBreast cancer analysisusingdatamining techniqueshavegainmuchattention in the
developedcountries.However,indevelopedcountries(Ghana),therehavebeenlimitedornonumber
ofstudiesontheusageofdataminingtechniquesinpredictionandclassificationsofbreastcancer.
Thismotivatedtheresearcherstoembarkonthisstudy.

RANDoM FoReST TRee

TheRandomTreeisakindofsupervisedClassifierdevelopedby(Breimanetal.,2009).Itisan
ensemblelearningalgorithmwhichcangeneratemanyindividuallearners.Itemploystheprinciples
ofbaggingtoproducearandomsetofdataforconstructingofthedecisiontree.Instandardtree
eachnodeissplitusingthebestsplitamongallvariables.Inarandomforest,eachnodeissplitusing
thebestamongthesubsetofpredicatorsrandomlychosenatthatnode.RandomForestcantakea
differentsubset(sample)ofdatawithreplacementanditcanevensamplethefeatures,thatmeansit
performsDataSampling(Observations)aswellasFeaturesampling(Variables).Finally,thedecision
istakenbymajorityvoting.
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NAÏVe BAyeS MoDeL

This technique is a machine learning algorithm for classification purposes. It is a classification
techniquethatwasdesignedtoclassifyhigh-dimensionaltrainingdataset.Itisaprobabilisticclassifier.
itisnaïvebecause,itmakescertainassumptionsthathasoccurrenceofacertainfeaturesindependent
oftheoccurrenceoftheotherfeatures.TheBayesmodelisbasedontheBayes’Theorem.TheBayes’

Theoremisstatedas;P A B
P B A P A

P B
\

\� � � � � � �
� �

.TheaimofthenaïveBayeslearningmodel

istocalculatetheconditionalprobabilityofanobjectwhichasthevector y y yn1 2
… belongingto

aspecificclasssay c c c cn1 2 3
… .

CLASSIFICATIoN AND ReGReSSIoN TRee (CART)

TheCART is adatamining technique suggestedby (Breiman,2017).Thedecisions tress that is
generatedbytheclassificationalgorithmsaremainlybinary.Thetechniqueworksbypartitioning
thedatasetintotrainingandtesting.TheCARTalgorithmgrowsthetreebyconductingforeach
decisionnode,anexhaustivesearchofallavailablevariablesandallpossiblesplittingvalues,selecting
theoptimalsplitaccordingtothefollowingcriteriaasindicatedby(Kennedy,1997).Belowisthe
mathematicsbehindthelearningtechnique.LetY Ym1.

… ,PberandomvariableswhereYIhasdomain
Dom(Yi).TherandomvariablePhasdomainDom(P)={1, . . .,J}.Y Ym1.

…  isknownasthe
predictorattributes,m becomesthenumberofpredictorattributesandC becomestheclasslabel.
AclassifierCisafunctionC:Dom(Y1x…xDom(Ym)→ Dom(C).LetΩ =Dom(Y1 )x…xDom
(Ym )×Dom(C)representingsetofevents.ForagivenclassifierCandagivenprobabilitymeasure

P over Ω  we can introduce a functional R C P C X X Cp n� � � � � ��� ����1, .,
 called the

misclassificationrateoftheclassifierC.

BooSTeD TRee

Boostingisoneofthelearningmodelsthatisusedforclassificationitisatechniquewhichisused
forimprovingtheperformanceofanylearningalgorithm.Itisusedsignificantlyreducetheerrorof
any“weak”learningalgorithmthatconsistentlygeneratesbetterclassifiersascomparedwithrandom
guessing.FreundandSchapire(1996)definedBoostingasalearningmodelthatisusedtofitmany
largeorsmalltreestoreweightedtrainingdatasetwhichisclassifiedbyweightedmajorityvote.The
boostingworksbymaintainingtheweightsofbootstrapsamplesratherthandrawingindependent
sample.Thehighertheweightitdrawsthebettertheclassifier.thisisdonetoenhancetheperformance
oftheclassifierinordertoincreasethemisclassificationweights.Thisishowthetechniqueworks;
RandomdatasetisselectedfromtheoriginaldatasetwithoutreplacementtoobtainA1andtrainthe
weaklearner.NsamplesfromA1withhalfofthesamplesmisclassifiedbyA1toobtainB1andtrain
weaklearnerB2.SelectsamplesfromA1,BIandB2andthosewhodisagreetraintheweakerlearner
toformB3.Finalclassifierisvoteofweaklearners.Ifthebootstrapreplicatedapproximationswere
correct,thenbaggingwouldreducevariancewithoutchangingbias.

TRAINING AND TeSTING oF THe DATASeT

Thedatahasonedependentvariable-DV(diagnoseofcancerornot)andtheothernineindependent
variables-IDVs(associatedvariablesofbreastcancer)forthelearningmodels.TheIDVsareasfollows;
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Currentageofpatient,Ageoffirstchild,Ageofmenarche,BMI,Usageofcontraceptive,Family
history,Alcoholintake,Parity.Thedatasetwasdividedintotrainingandtestingdataset.Thetraining
datasethas70%ofthedatasetandtheremining30%usedforthetestingandevaluatingofthemodel.

MoDeL eVALUATIoN

Theconfusionmatrixwasusedtoevaluatethelearningmodels’performance.Itcomparesthedecisions
madebythemodelwiththeactualdecisions.Itprovidesaccuracylevelofthemodelanddetermine
howthemodelwillperformonnew,previouslyandunseendataset.Theaccuracymeasuresofthe
modelareshownintheTable1below;

ReSULTS AND DISCUSSIoN

TheresultsintheFigure1showsthecorrelationanalysisbetweentheinputvariablesandtheoutput
variable.Itshowstheassociationthatexistamongthefactors.Theresultsshowthat,thereisastrong
correlation approximately rx �� �0 740.  between the current age and age of menopause of the
women. However, from the Figure 1, it could be observed that, there is statistically significant
association r px � �� �0 280 0 05. , . betweenCancerstatusandAgeofmenopauseamongwomen.
Also, there was significant association between Cancer status and current age of the patients
r px � �� �0 20 0 05. , . .Inthedeterminationoftheriskfactorsassociatedwithbreastcanceramong

women,theChi-Square � 2� � forindependencewasusedtoascertainthisandthetestresultsinthe
Table2showsthat,eleven(11)variableswerestatisticallysignificant.However,familyhistoryhad
noinfluenceonbreastcancerstatusamongwomen.Fordetal.(1995);Sasco(2003)indicatedthat
theamountofbreastcancerassociatedfactorsattributedhereditaryisquitelowascomparedtosocial
andenvironmentalfactors.

ReSULTS oF THe LeARNING MoDeLS To THe BReAST CANCeR DATA

Studieshaveshownthat,learningmodels(Dataminingtechniques)havebeenusedinthediagnosis
ofbreastcanceramongwomen.However,thisstudyisadoptingtheselearningtechniquestoclassify
andpredictthecancerstatusamongthepatients(women).Theclassificationandthepredictionare
basedontheassociatedbreastcancerfactors.Thedatawasanalysedusingfour(4)mainlearning
techniquessuchas;RandomForest,NaiveBayes,ClassificationandRegressionModel(CART)and
BoostedTreemodel.Eachlearningmodelresultswouldbecomparedwithoneanotherandthebest
modelwiththehighestaccuracyindexandhighsensitivityvaluewouldbetheappropriatetechnique
that,couldbeusedtomodelthebreastcancerdatasetgatheredforthestudy.Theresultsinthetable
3showstheconfusionmatrixandthediagnosticsstatisticsofeachofthelearningmodelusedfor

Table 1. Model adequacy measure

Confusion Matrix Positive Negative

Positive I II Positive Predictive Value I/I+II

Negative III IV Negative Predictive Value III/III+IV

Sensitivity Specificity Accuracy=I+IV/(I+II+III+IV)

I/I+III II/II+IV
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Table 2. Test of association of breast cancer associated factors

Variable χ 2
df p value−

BodyMassIndex(BMI) 554.329(31) 0.000

Age 187.179(74) 0.000

AgeatMenarche 28.930(14) 0.001

AgeatFirstChild 86.276(32) 0.000

AgeatMenopause 284.074(30) 0.000

Parity 307.954(12) 0.000

Occupation 7.363(1) 0.007

MaritalStatus 22.046(4), 0.000

Contraceptive 20.320(1) 0.000

Alcohol 11.238(1) 0.001

BreastFeeding 136.456(1) 0.000

FamilyHistory 0.296(1) 0.586

Note: p-value < 0.05 indicates significance at 5%, values in bracket are degree of freedom

Figure 1. Correlation analysis, deep colour in the figure indicates high correlation
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thestudy.Ithastheoverallaccuracyvalue,thesensitivityvalue,specificityvalue,Positive(Pos)and
Negative(Neg)predictivevalues.TheparametersestimatedintheRandomForestmodelincludes;
98%accuracy (95%,CI= (0.9832,0.99935)), 100%PositivePredictiveValueof 100%,Negative
Predictive Value, Sensitivity =92% and specificity =100%. The Naïve model has an accuracy
valueofapproximately87%(95%CI=0.8536,0.8856),Sensitivityvalueof3%,Specificityvalueof
99%,Positivepredictivevalue(PPV,54%),Negativepredictivevalue(NPV,87%).TheClassification
andRegressionTree(CART)hasanoverallaccuracyvalueof87%with(95%CI=0.853,0.8851),
Sensitivityvalueof(82%),Specificityvalueof100%,Positivepredictivevalue(PPV=NA),Negative
PredictiveValue(87%).Finally,theBoostedTreelearningtechniquehasanoverallaccuracyvalue
ofapproximately87%with(95%CI=0.8530,0.8851),Sensitivityvalueof0.0010(%),Specificity
valueof100%,PPV=NaNandNPV=0.8697.TheresultfortheCARTisquitedifferentfrom
theBoostedTreemodelasindicatedinthetablewithaccuracyvalueof0.8697,(95%CI=0.853,
0.8851),Sensitivityvalueof(0.0010),Specificityvalueof100%,PPV=NaNandNPV=0.8697.

VARIABLe IMPoRTANCe

ThevariableimportancetestusingtheRandomForesttechniquewasuseddeterminetheorderof
significantvariablecontributingtothemodeladequacy.TheresultsintheFigure2showsthemost
importantvariablesthatcontributestotheaccuracymeasuresasindicatedintheinTable3.The
orderofimportanceofthevariableshavebeenexpressedinpercentages(%).Fromthefigure,the
ageatmenopauseofawomanhassignificantimpactontheaccuracyrateofthemodel.Itsimpact
isabout30.37%,Parityisthesecondmostimportancewithanimpactof29.52%,currentageofthe
womenisthethirdmostimportantvariablewithanimpactof13.68%,ageatfirstchild(8.18%).The
leastimportancevariablethatcontributetothemodeladequacyisoccupationalstatusofthewomen
whichhasanimpactofaboutnegative(2.84%).

CoNCLUSIoN

Thedataminingtechniqueanalysis(RandomForest,NaïveBayes,BoostingandCART)showsthat,
RandomForesttechniquehadthehighestorbetteraccuracyvalueof0.9892(95%CI,0.9832-0.9935)
andasensitivityvalueofabout92%.WhichmeansthatRandomForestlearningmodelisthebest
modelthatcouldbeusedtoclassifyandpredictbreastcancerbasedonassociatedfactors.Theresults
obtainedanditsInterpretationarelimitedinthisanalysisbecauseitisdifficulttodeterminewhether
theyreflectgeneraldifferencesthatholdtrueforallotherhealthfacilitiesthatrecordbreastcancer
dataatanypointintime.

Table 3. Confusion matrix and diagnostic statistics

Random Forest Naïve Bayes CART Boosted Tree

Accuracy 0.9892 0.8702 0.8697 0.8697

95%CI (0.9832,0.9935) (0.8536,0.8856) (0.853,0.8851) (0.853,0.8851)

Sensitivity 0.9170 0.0306 0.8210 0.0010

Specificity 1.0000 0.9961 1.0000 1.0000

PosPredictiveValue 1.0000 0.5385 NaN NaN

NegPredictiveValue 0.9877 0.8727 0.8697 0.8697
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LIMITATIoNS oF STUDy

Manyof the cases in our studyhad incomplete data related to some risk factors such as age at
menopause,ageatmenarche,presentage,ageatfirstchildandfamilyhistory.Thereisclearlyaneed
toimprovedocumentationofdemographic/clinicaldatainpatients’medicalrecords.
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