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ABSTRACT

Indatamining,ifadatasetisnewtotheliterature,thestudyiscomparingtheexistingalgorithms
anddeterminingthemostsuitablealgorithm.Thisstudyisanexampleofthisbyincludingmany
quantitativeanalysis.RealdatawasobtainedfromaPay-TVCompanyinTurkeytopredictthechurn
behaviorofthecustomers.Theattributessuchasmembershipperiod,paymentmethod,education
status,andcityinformationofcustomerswereusedinordertopredictthecustomers’churnstatus.By
applyingattributesselectionalgorithms,themostimportantattributesareobtained.Asaresult,two
datasetsareproposed.Whileoneofthedatasetsconsistsofallattributes,theotheronejustincludes
theselectedattributes.Manydifferentdataclassificationalgorithmswereappliedtothesedatasets
byusingWEKAsoftware.Thebestmethodandthebestdatasetwhichhasthebestaccuracyrate
wasproposedtothecompany.Thecompanycanpredictthecustomers’churnstatusandcontactthe
rightgroupofpeopleforaspecificcampaignwithaproposeduser-friendlypredictionmethodology.
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INTRoDUCTIoN

Nowadays,withtheincreasingnumberofcompanies,productdiversity,andtheadventoftechnology,
competitionbetweencompanieshasincreased.Therefore,conceptssuchascustomersatisfaction,
customerloyalty,andtargetgrouphavegainedvalue.Atthispoint,appropriatestrategiesmustbe
presentedtotherelevantcustomersinordertomeettheneedsofthecustomers.Consequently,good
churnmanagementbecomesinvolvedincustomerretention.Companiescandeveloptechniquesto
keeptheirprofitablecustomersandincreasingcustomerloyaltyinadvance.
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Churnmanagement isapplied indifferentareassuchasbanking, internet serviceproviders,
cosmetics,andthehealthsector.Inthisresearch,theloyaltystatusofthechurnsituationisdiscussed
foradigitalbroadcastingplatform.TherealdataisobtainedfromoneoftheleadingandlargestPay-
TVoperatorsinTurkey.

Aslongascompanieshavemoreloyalcustomers,theywillhaveahigherprofit.Withonlya
fivepercentincreaseinloyalcustomersyieldsinbetween25to95percentincreaseinthenetpresent
valueofcustomersacrossawide rangeof industries” (KhakAbi,Gholamian,&Namvar,2010).
Dataminingmethodsareappliedtodistinguishthechurnstatusinordertoapplychurnmanagement
actionsbasedoncustomerinformation.Notonlytoincreaserevenuesorreducerisksbutalsoto
improvecustomerrelationshipsdataminingprocessisused.Byusingvariouskindsofdatamining
algorithms,meaningfulpatternscanbeobtainedtopredictoutcomeswithinlargedatasets.Withthis
study,significantchurnpredictionfactorsareintroducedviaexistingdataminingalgorithms.The
followingquestionsareansweredinthisresearchwiththehelpthedataobtainedfromthecompany:

• Whatattributecanbereviewedtodeterminecustomerchurnstatusinadvance?
• Whichattributeisnotnecessaryforcustomerchurnstatus?
• Accordingtothecustomerinformation,possiblechurncustomerswillbedefined?

In thisway, therelationships throughthedata is representedand thecustomersaregrouped
accordingtotheirsimilarcharacteristics.Theobtaineddataisextractedandgroupedtogetmore
meaningfulresultsforthedatamininganalysis.Thecompaniesareinterestedintheircustomers’
churnrateinordertodetermineaspecificcampaignforaparticulargroupofcustomerstoavoid
customerchurn.

Therestofthispaperisfollowingwiththebackgroundpart.Theexistingliteratureondatamining
andchurnmanagementindifferentsectorsareinvestigated.Theexistingdataminingalgorithmsare
usedforthePay-TVcompanytoincreasethecompany’snetpresentvalue.Inthenextpartofthis
chapter,theproblemstatementandmethodologypartisbrieflydiscussed.Theinformationgathered
dataisusedtodeterminetheappropriatedataminingmethodtoobtaintheresults.Inthefollowing
part,computationalresultsarerepresented.Thenafutureresearchandconclusionpartsaredescribed.

BACKGRoUND

Nowadays, there are many production and service companies. They all have the common
goal of gaining more customers, increasing profits, growing the company, and taking part
intheglobalmarket.Asaresult,competitionbetweencompaniesisseen.Companiesmust
constantlyimprovethemselvestoacquirenewcustomersbecausecustomerstendtothemost
appropriatecompanyforthemselves.Themostsuitableprice,quality,shape,etc.areselected.
Ifthecompanydoesnotworkcustomer-orientedanddoesnotfollowthecustomer’schanging
wishes,thecompanylosesitscustomer.Duetoincreasingglobalizationandcompetitioninthe
market,customersmaynotalwaysbeloyaltocompaniesbecausetheyhavemanyalternatives
in themarket.Therefore,companiesare trying tokeep theirexistingcustomers, insteadof
gettingnewcustomers.Thereasonforthissituationistherecentresearchshowsthatthecost
ofgettingnewcustomersisabout5timesandthecostofcustomerrecoveryisabout10times
moreexpensivethanthecostofkeepingexistingcustomers(Massey,Montoya-Weiss&Holcom,
2001).Inaddition,customerchurnadverselyaffectsthereputationofthecompany.Asaresult,
keepingcustomersonboardhasalowercostthanothersandwillbemoreprofitableforthe
growthofthecompany,theirfinance,andalsotheirreputation.Withrespecttothesecases,
customerchurnmanagementisaveryimportanttopictoday.Consequently,forcompaniesto
beadvantageousandmakinggoodmanagementincustomerchurn,itisveryimportantthat
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theunderstandingcustomerneedsand theirbehaviors, inwhole industries.Datamining is
neededforagoodchurnanalysis.Inthenextsection,informationisgivenaboutdatamining
anditsapplications.

Data Mining
Today,technologyisdevelopingrapidly.Asaresultofdevelopingtechnology,thedatatobestored
isincreasing.Withsomuchdatastored,itisverydifficulttodistinguishwhatisdesiredandwhatis
important.That’swhydataminingisthemostpreferredmethod.Onlythestoreddatahasnomeaning.
Thismethoddeterminestherelationship,rules,andpropertiesbetweenstoreddata.Datamininghelps
toextractmeaningfulandusefulinformationfromavailabledata.Inthisway,theinductionprocess
isanalyzed.Inotherwords,dataminingprovidesvaluableinformationbyanalyzinglargeamounts
ofdata.Companiesusethisvaluableinformationindecision-makingandactionplans.Datamining
isanimportantandsupportivetoolthatcompaniesusetodeterminestrategiesandreachsolutionson
importantissues.Therearemanyareaswheredataminingisapplied.Forexample;banking,medical,
electroniccommerce,cosmetics,engineering,sports,biology,telecommunicationsetc.

Intheresearch,unifieddataminingprocessisillustratedinFigure1thatincludesclustering,
classification,andvisualization.Beforethisprocessthewholedatasetshouldbepre-processedtobe
usedinWEKAtoobtainbestmethodandbestdataset.

Chahalexaminedclassificationalgorithmsbyusingrealdataintermsofthebestaccuracyand
precisionvalueswiththehelpofWEKAsoftware(Chahal,2018).

Data Mining in Banking
Dataminingisofgreatimportanceinthebankingsector.Therearemanyalternativesforcustomers
todotheirjobs.Intoday’sincreasinglycompetitivebusinessenvironment,banks’retentionofexisting
customersisthemostimportantobjectivetobeanalyzedtoday.Itisknownthatthebiggestproblem
ofbanksisafraud.That’swhyfraudstersmustbeidentifiedandprevented.Atthisstage,banksuse
datamining.Thankstodatamining,itprovidesagreatdealofassistancetocompaniesinretaining
existingcustomers,detectingandpreventingfraudsters,anddevelopingmarketingstrategies(Chitra
&Subashini,2013).

Hassani,Huang,andSilvaconcludedthatseveraldataminingtechniquessuchasclusteringand
classificationareadoptedinthebankingsectorinordertodeterminefrauddetection,riskmanagement,
andcustomerrelationshipmanagement(Hassani,Huang,Silva,2018).Asmoreadvancedtechnologies
aredevelopedthepreventionofcybercrimeattemptareincreased(Lagazio,Sherif,&Cushman2014).

Figure 1. Unified data mining process
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Data Mining in Internet Server Provider Companies
Ascustomerbehaviorplaysanimportantroletodeterminecampaigns,Internetserviceproviders
(ISPs) endeavor to prevent losing their customers. In 2016, Ülkü, Durak, and Üney-Yüksektepe
studiedaboutcustomerloyaltystatusandbehaviorinISPsbygeneratingaquestionnaire.Then,they
investigatedtheinformationaboutthechurnpossibilityinTurkeyinordertodecidetherequired
advertisingcampaignsforthecustomers(Ülkü,Durak,&Üney-Yüksektepe,2016).

Data Mining in Cosmetic
Churnanalysisandcustomersegmentationaretwocommonapplicationareasofdatamining.The
cosmeticsectorisanexampleoftheseapplications.Inordertoretainprofitablecustomers,thedata
receivedfromthesalespersonnelareprocessedandconvertedtoidentifythechurncustomers.By
selectingthemostappropriatealgorithm,thechurnbehaviorofcustomersismodeled.Inthisway,
thecompaniesretaintheircustomersinthecompanywithappropriatecampaignsaccordingtothese
studies.Ifwegiveanexampletoastudyconductedinthissector;abrandwhichsoldinthecosmetics
storehasapplieddataminingtechniquesbytakingthedatafromthesalesconsultantwhichthey
acceptastheexpert.Inthisway,thealgorithmthatgivesthemostaccuratecustomeranalysishasbeen
selectedandasaresult,itisenvisagedtoorganizecampaignsaccordingtoseenembranchmentwhich
includethecustomerarrivalperiod,spendingperiod,andtheneighborhood(KızılkayaAydoğan,
Gencer&Akbulut,2008).

Data Mining in Health Sector
Usingdataminingiscommoninthehealthsector.Withthedataobtainedbyscreeningtests,the
detectionofdiseasesanddiseaseriskscanbedetermined.Alsobecauseofchronicdiseases,thelife
qualityofmanypeopledecreasesandpeopledie.Inordertopreventtheselosses,manycriteriasuch
aseconomic,gender,age,anddemographiccharacteristicsareexamined.Byusingdatamining,the
factorsthatmaycausethediseasetooccurareidentifiedandprevented(Koyuncugil&Özgülbaş,
2009). Moreover, Zhi-Gen, Jian-Ping, Hu, and Yang studied the medical image and multiple
physiological analyses by using data mining technology to can provide support to the scientific
managementofthehospital(Zhi-Gen,Jian-Ping,Hu,&Yang,2015).

InFigure2,accuracylevelsaredemonstratedaccordingtovariousdiseasetypes.Mia,Hossain,
Chhoton,andChakrabortyappliedvarioustypesofdataminingtoolstothesetofselecteddiseasesin
ordertodeterminetheaccuracyofeachparticulartool(Mia,Hossain,Chhoton,&Chakraborty,2018).

PRoBLeM STATeMeNT AND MeTHoDoLoGy

Nowadays,thankstotechnologicaladvances,computersandinformationsystemsaredevelopingand
gettingcheaperdaybyday.Thesedevelopmentsmakeitpossibletostoreandprocesslargeamounts
ofdataandfacilitateaccesstodata.Thegrowingbatchofdataisworthlessinitselfandneedstobe
processedtomakesense.Dataminingisdefinedasanalyzingdatafromthislargedatastack,revealing
hiddenpatternsbetweendata,andsummarizingusefulinformationforusers.DataMiningcanbe
usedinanyfieldwherethereisalargedatasetbasedonanykindofelectronicenvironmentanda
resultisexpectedfromthisdataset.Forexample,thedataminingsystemusedinthemarketingarea,
salesforecasts,andmarketbasketanalyzescanbemadebycollectingandprocessingthecustomer’s
shoppinghabitsandcustomerbasiccharacteristicsdataandhelpstoremaincompetitiveinthesector
bydevelopingappropriatemarketingstrategies.

In this research, the data mining application is performed by obtaining the information of
approximately ten thousand customers from a digital broadcasting platform. This data includes
customerinformationsuchasmembershipperiod,groupofpackage,gender,city,etc.Inthisway,
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itisaimedtoexaminetheloyaltystatusofcustomersandreachtherightcustomergroupsofthe
companythroughtherightcampaigns.

Therearesomenotionsintheliteratureclosetodataminingsuchasknowledgeminingfrom
databases, knowledge extraction, data/pattern analysis, and etc. The most well-known of these
notionsisTheKnowledgeDiscoveryinDatabases(KDD).IftheKnowledgeDiscoveryinDatabases
isbrieflydefined;Itistheprocessofrevealingmeaningful,useful,original,andspecificpatterns
inthedata.Dataminingisastageoftheinformationdiscoveryprocess(Özdemir,Aslay,&Çam,
2010).Dataminingisastageofknowledgediscoveryindatabases.Itincludesthebelowprocesses
asrepresentedinFigure3.

• Learn the Application Domain Set:Determining the relevant information and application
objectives.

• Create a Target Dataset:Involvesselectingasampledatasetanddecidingvariables.
• Data Extraction and Preprocessing:Incorrectandmissingdatainthesampleiseliminated

andarrangedaccordingtocertainrules.Thedataqualityisimproved.
• Data Reduction and Conversion: It includes the selectionof requireddimensions, finding

usefulpropertiesbetweendimensions,sizereduction,andtransformations.
• Data Mining:Decidingwhichdataminingmethodstouseforsearchingpatternsandderive

knowledgefrompreprocesseddata.
• Evaluation of the Discovered Knowledge:Theevaluationofthepatternsfound,elimination

oftheexcessandirrelevantpatterns,andarrangingtheresultinacomprehensiblemannerby
theusers.

• Use of the Discovered Knowledge: It is thefinalstepthat includingthecomparisonof the
findingresultswiththeexpectedresultsandcreatesaplantomonitorforimplementationof
discoveredknowledge.

Inthisresearch,theWEKAprogramisusedfordataminingapplications.Datareceivedfrom
the company is preprocessed. Then, unnecessary information is eliminated such as membership

Figure 2. Accuracy levels according to various disease types
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numbers.Amongseveraldataminingmethods,theclassificationmethodisused.Inthefollowing
section,informationabouttheclassificationalgorithmisgiven.

CLASSIFICATIoN

Themostrecognizedissueofdataminingistoassigndatatotheclassesbyaclassifieraccording
tovariousattributes.Atthisstage,thetargetclassinthedataisestimatedtoexploretherelevance
betweentargetvaluesandthepredictorvalues.Inductivelearningconsistsofatrainingsetoftraining
examplesandatestsetoftestsamples.Theclassificationinvolvestwosteps:datatrainingandtesting
themodel.Duringthetrainingphase,themodelisformedfromthetrainingset.Inthetestingphase,
themodel isverifiedby the test set.Validation isachievedbycomparing theclass found in the
testsamplewiththeclassestimatedthroughthemodel.ArtificialNeuralNetworks,Trees,Bayes,
K-Nearest Neighbours are some of the classification methods used in data mining studies. The
followingclassificationalgorithmsareusedforaccuratechurnmanagement.

Artificial Neural Networks
Artificialneuralnetworksareamethodinspiredbyhowthehumanbrainlearns.Firstly,itwascreated
forthepurposeofimageandvoicerecognition.Later,itbecameoneofthedataminingalgorithms.
Theartificialneuralnetworkscomprisethreelayers:theinputlayer,thehiddenlayer,andtheoutput
layer.Inthemodelingstage,theinputlayerincludesarguments,theoutputlayerincludesthevariables,
andthehiddenlayercontainsthevariablesfromthepreviouslayerorthecombinedcombinationsof
thenodesineachnodeasrepresentedinFigure4.(Lek,&Park,2008).

Trees
Decision trees are among themost important classification tools.Decision trees,whichprovide
advantagesinmanysubjects,arewidelyusedindataminingbecauseoftheirsimplealgorithmand
easytounderstand.Itperformsmanytestswhileestimatingindecisiontrees.Thebranchesinthe
decisiontreeincludethetests.Toclassifythetarget,gofromroottotargetleaf.Thispathiscalled
arule.ThefollowingFigure6showsapartofthedecisiontreealgorithmofJ48forthedataofpay-
TVchurnstatus.

Bayes
Bayes’ theoremisa techniquethatusesBayesianclassifiers incaseofconditionalprobability.It
isassumedthateachtrainingdataisindependentofeachotherandthepriorprobabilityforeach

Figure 3. Data mining process
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classiscalculatedfromthetrainingdata.Then,theclasswiththemostlikelyprobabilityisselected
(Brownlee,2016).

K-Nearest Neighbours
Anothertechniqueappliedforclassificationisthek-nearestneighborapproach.Systemoperation
isprovidedbytrainingdatawherekmostsimilartrainingpatternsarequeriedtomakeaprediction.
Whenaprediction is requested, thecomputation is implementedby thequeryingof the training
datasetwithappropriatedistancefunctions(Brownlee,2016).

evaluation of Classification Method
Aconfusionmatrixisneededtoevaluatetheclassificationmethod.Theconfusionmatrixisatable
thatisoftenusedtomeasuretheperformanceofclassifiersandgivesinformationaboutthepredicted
andactualclassifications.Precisionandaccuracyarecalculatedbyusingtheconfusionmatrix.Ithas
4differentoutputcombinationsasTruePositive(TP),TrueNegative(TN),FalsePositive(FP)and
FalseNegative(FN).ThesetermsinTable1areexplained:

• True Positive:Thepositivesituationswhicharepredictedcorrectly.
• True Negative:Thenegativesituationswhicharepredictedcorrectly.
• False Positive:Thenegativesituationswhicharepredictedincorrectly.
• False Negative:Thepositivesituationswhicharepredictedincorrectly.

Table1showstheconfusionmatrixfortwoclassifiersandinthisstudy,accuracyiscalculated
byusingaconfusionmatrix.Accuracyrepresentstheproportionofthetotalnumberofpredictions
thatarecorrect.Figure5displaystheaccuracyofPay-TVchurnstatusamongseveralalgorithms
usedinWEKA.

Figure 4. The modeling stage and how the nodes are input
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IMPLeMeNTATIoN

TheUniversityofWaikatohasdevelopedtheWEKAprogramfordataminingoperations.Preprocess,
classification,association,clusteringandvisualmethodsareusedintheprogramtosolvemachine
learningproblems.Inthisstudy,therealdataisobtainedfromaPay-TVcompany.Thedataisclassified
byusingtheWEKAprogramandtheaccuracyvaluesofthemethodsaremeasuredandcompared.
Thealgorithmwiththehighestaccuracyisusedtofindaccurateresultsaboutchurnsituations.

The data used in this study is obtained by a Pay-TV Company that is established in 1999
inTurkey.Thecompanyservesas thefirstandleadingplatformin thefieldofdigital television
broadcasting.Pay-TVCompanyappealstoallagegroupswithitsseries,sports,movies,kidsand
family,documentaries,music,andlifechannels.However,asaresultofincreasingcompetitionand
globalization,someof thecustomersarechurningovertime.Therefore,customer loyaltyandthe
preventionofcustomerlosshavegainedimportanceforthecompany.Inthisstudy,intotal10,000
customers,informationisusedtodeterminetheimportantfeatures.5000customersthatwerechurned
and5000customersthatwerenotchurnedisobtainedfromPay-TVcompany.Thereare13attributes
usedthataregroupedinto3numericalattributesand10nominalattributes.Theattributenamesand
typesarerepresentedinTable2.

CoMPUTATIoNAL ReSULTS

Byapplyingattributesselectionalgorithms,themostimportantattributesareobtained.Asaresult,
twodatasetsareproposed.Whileoneof thedatasetsconsistsofallattributes, theotherone just
includestheselectedattributes.Manydifferentdataclassificationalgorithmsareappliedtothese
datasetsbyusingWEKAsoftware.

Data Set 1
As seen in Table 3, the highest accuracy value of data set 1 is given as 76.61% for Meta –
FilteredClassifieralgorithm.Themethodswiththehighestaccuracyratesfromallclassifiertypesfor
bothdataset1anddataset2areshownwithboldinthefollowingtable.Amongwholeclassification
algorithms,thehighestaccuracyvalueofdataset1isdeterminedas76.93%withtheTrees-J48
algorithm.DivideandconquerstrategythatisrecursivelyfromtoptodowniscalledJ48(C4.5)to
obtaininformationabouttheattributeateachstage(Brownlee,2016).Withthehelpofavisualization
propertyofadecisiontree,weareabletofollowthebranchesthataresplitaccordingtotheattributes.

Table 1. Confusion matrix

Predicted classification

Yes No

Actual
classifications

Yes Truepositives(TP) Falsenegatives(FN)

No Falsepositives(FP) Truenegatives(TN)

Precision:
TP

TP FP�� �
Negative Predictive Value:

TN
TN FN�� �

Accuracy:


TP TN

TP TN FP FN
�

� � �� �
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Althoughthereareseveralmethodsthatarearoundthesimilaraccuracyrate,thehighestaccuracy
valueisproposedtothedecisionmakers.

Also,PatilandSherekarreportedthattheefficiencyandaccuracyofJ48algorithmgivesbetter
resultsthanNaiveBayes(PatilandSherekar,2013).

Next,attributeselectionalgorithmsareusedforusingnecessaryattributes.City(6thattribute),
SalesChannel(8thattribute),andLatePayment(9 thattribute)attributesare ignored. InTable4,
attributeselectionmethodsandselectedattributesshown.Byusingthetwodataset,classification
methodsareusedtopredictchurnstatus.SuggesteddatasetsarerepresentedinTable5.

Data Set 2
AsseeninTable6,thehighestaccuracyvalueofdataset2is75.67%fortheFunctions-Logistics
algorithm.Amongwholeclassificationalgorithms,thehighestaccuracyvalueofdataset1is76.78%.
ThenameofthisalgorithmisMeta–FilteredClassifier.

Best Data Set and Method
DataSet1hasasignificantfactortopredictthechurnsituationofPay-TVcustomers.Thehighest
accuracyvalueisobtainedfromJ48AlgorithmofTreesClassification.J48isanalgorithmusedto
generateadecisiontreeandJ48isanopen-sourceJavaimplementationoftheC4.5algorithminthe
Wekadataminingtool.Decisiontreesaregeneratedfromasetoftrainingdatainthesamewayas
ID3usingtheconceptofinformationentropybyC4.5algorithm.Inaddition,Wekamachinelearning
softwaredevelopersdescribedtheC4.5algorithmasalandmarkdecisiontreeprogramthatisthe
machinelearningworkhorseprobablymostwidelyusedinpracticetodate(Witten,Frank,Hall,2011).

Table7showsthatthereare2302misclassificationcustomersbasedontheselectedmethodJ48.
Asitisseen,989disloyalcustomersclassifiedasloyaland1313loyalcustomersclassifiedasdisloyal.

Figure5showstheaccuracygraphofallalgorithmtypesusedforDataset1.Thealgorithm
withthehighestaccuracyisTrees.Thelowestaccuracyvalueofdataset1isdeterminedastheMisc
algorithm.

ThefollowinginformationcanbeobtainedfromFigure6whichrepresentthedecisiontreeof
thePay-TVchurnstatus:

Table 2. Determined attributes (3 numerical, 10 nominal in total)

Attribute No Attribute Name Attribute Type

1 MembershipPeriod Nominal

2 #ofMembership Numeric

3 GroupofPackage Nominal

4 GeographicalRegion Nominal

5 Gender Nominal

6 City Nominal

7 ValueSegment Nominal

8 SalesChannel Nominal

9 LatePayment Numeric

10 NonPayment Numeric

11 PaymentFrequency Nominal

12 CommitmentStatus Nominal

13 Status Nominal
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Table 3. Accuracy of classification methods for data set 1

Types Method Accuracy (%)

BAYES BayesNet 72.88

NaiveBayes 72.53

NaiveBayesUpdateable 72.53

NaiveBayesMultinominalText 51.6

FUNCTIONS Logistic 75.82

SGD 75.89

SGDText 51.6

LAZY IBk 71.66

META IterativeClassifierOptimizer 72.9

AdaBoostM1 61.99

AttributeSelectedClassifier 70.09

Bagging 75.55

CVParameterSelection 51.6

FilteredClassifier 76.61

LogitBoost 72.9

MultiScheme 51.6

RandomizableFilteredClassifier 61.8

RandomSubSpace 75.77

Stacking 51.6

Vote 51.6

WeightedInstancesHandlerWrapper 51.6

MISC InputMappedClassifier 51.6

RULES DecisionTable 75.82

JRip 75.66

OneR 61.79

PART 74.15

ZeroR 51.6

TREES DecisionStump 56.63

HoeffdingTree 72.22

J48 76.93

RandomTree 71.05

REPTree 75.7
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• CustomerswiththepackagegroupPremiumSportcanbeclassifiedasdisloyal.
• CustomerswiththepackagegroupBasicSportcanbeclassifiedasloyal.
• To classify customers whose package group is Basic, the number of membership attribute

shouldbechecked.Ifthenumberofmembershipisgreaterthanone,itisclassifiedasloyal.
Ifthenumberofmembershipislessthanorequaltoone,thenonpaymentattributeshouldbe
checked.Thenonpaymentattributeisclassifiedasloyalifitisgreaterthanzeroanddisloyalif
itislessthanorequaltozero.

• ToclassifycustomerswhosepackagegroupisCinema,thegenderattributeshouldbechecked.If
thegenderisfemale,itisclassifiedasdisloyal.Ifitisamalecustomer,thenumberofmembership
attributeshouldbechecked.Thenumberofmembershipisclassifiedasloyalifitisgreaterthan
oneanddisloyalifitislessthanorequaltoone.

CoNCLUSIoN

Asaresultofincreasingpopulation,productrange,technology,andcompetitionconceptssuchas
customerloyalty,datamining,andbigdatahavegainedimportance.Dataminingtoolsareoftenused
tounderstandandanalyzecustomerrequestsandbehavior.Indatamining,ifadatasetisnewtothe

Table 4. Attribute selection methods and selected attributes

Method Selected Attributes

CFSSubsetEval 4,7,11

GainRatioAttributeEval 4,11,7,12,2,1,3,5,10,9,6,8

InfoGainAttributeEval 4,11,7,1,12,6,3,10,5,2,9,8

OneRAttributeEval 4,1,12,11,3,7,5,6,10,9,8,2

ClassifierAttributeEval 12,11,4,3,2,5,6,7,10,9,8,1

CorrelationAttributeEval 11,12,3,5,1,4,2,10,7,9,8,6

SymmetricalUncertAttributeEval 4,11,7,12,1,3,6,5,10,2,9,8

Table 5. Suggested data sets and characteristics

Attribute No Attribute Name Attribute Type

DataSet1 1-13 AllAttributes Nominal,Numerical

DataSet2

1 MembershipPeriod Nominal

2 #ofMembership Numeric

3 GroupofPackage Nominal

4 GeographicalRegion Nominal

5 Gender Nominal

7 ValueSegment Nominal

10 NonPayment Numeric

11 PaymentFrequency Nominal

12 CommitmentStatus Nominal

13 Status Nominal
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Table 6. Accuracy rates of classification methods for data set 2

Types Method Accuracy (%)

BAYES BayesNet 73.6

NaiveBayes 73.29

NaiveBayesUpdateable 73.29

NaiveBayesMultinominalText 51.6

FUNCTIONS Logistic 75.67

SGD 75.16

SGDText 51.6

LAZY IBk 74.4

META IterativeClassifierOptimizer 72.9

AdaBoostM1 61.99

AttributeSelectedClassifier 70.09

Bagging 76.5

CVParameterSelection 51.6

FilteredClassifier 76.78

LogitBoost 72.9

MultiScheme 51.6

RandomizableFilteredClassifier 71.28

RandomSubSpace 75.43

Stacking 51.6

Vote 51.6

WeightedInstancesHandlerWrapper 51.6

MISC InputMappedClassifier 51.6

RULES DecisionTable 75.82

JRip 75.9

OneR 61.79

PART 76.01

ZeroR 51.6

TREES DecisionStump 56.63

HoeffdingTree 72.97

J48 76.66

RandomTree 74.73

REPTree 76.56
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literature,thestudyiscomparingtheexistingalgorithmsanddeterminingthemostsuitablealgorithm.
Thisstudyisanexampleofthis.Intoday’scompetitiveworld,companiesinvarioussectorsinTurkey
arebeginningtogivemoreimportancetothisissueandoperateinfrastructurebasedondatamining
algorithms.Pay-TVcompanyhasvariousproductrangewhichincludesseries,sports,movies,kids
andfamily,documentaries,music,andlifechannels.Itcaterstoallagegroupsandgenders.Therefore,
ithasmanydifferentcustomerprofiles.Pay-TVshoulddevelopandrenewitselfinordertomaintain
thisbroadcustomerscale.Inthisstudy,obtainedrealdataisused.Thehighestaccuracyofthedata

Table 7. Confusion Matrix for J48

Predicted Class

Disloyal Loyal

Original Class Disloyal 3840 989

Loyal 1313 3836

Figure 5. Accuracy graph of all algorithm types used for Dataset 1

Figure 6. Decision tree of the Pay-TV churn status
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setisselectedusingdataminingclassificationmethodsthatisadecisiontree-basedalgorithm.With
thehelpofdataminingtools,thecompanywillabletotrackcustomerbehavior.Theloyaltystatus
ofcustomerscanbeinvestigatedandthusthecompanycancontacttherightgroupofpeoplefora
specificcampaignbyusingtheproposeddecisiontree.

FUTURe ReSeARCH

Asanextensionof thisstudy,morecustomerattributeswillbeobtainedinorder toexaminethe
churnstatusinPay-TVbroadlyandaccurately.Aslongasmoreattributesareincluded,moreaccurate
resultswillbeobtainedtoprovidethequalityofthedecision.Therelationshipsbetweenattributes
areignoredinthisstudy.Whetherthisrelationshiphasanimpactonaccuracycanbeexaminedas
futureresearch.Ifhigheraccuracycanbeachieved,theresultswillbere-evaluated.
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