
DOI: 10.4018/IJCINI.2020010101

International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 1 • January-March 2020


Copyright©2020,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



1

Deep Convolutional Neural Networks for 
Customer Churn Prediction Analysis
Alae Chouiekh, Laboratory of Multimedia, Signal and Communications Systems, National Institute of Posts and 
Telecommunications, Rabat, Morocco

El Hassane Ibn El Haj, Laboratory of Multimedia, Signal and Communications Systems, National Institute of Posts and 
Telecommunications, Rabat, Morocco

ABSTRACT

Severalmachinelearningmodelshavebeenproposedtoaddresscustomerchurnproblems.Inthis
work,theauthorsusedanovelmethodbyapplyingdeepconvolutionalneuralnetworksonalabeled
datasetof18,000prepaidsubscriberstoclassify/identifycustomerchurn.Thelearningtechnique
was based on call detail records (CDR) describing customers activity during two-month traffic
fromarealtelecommunicationprovider.Theauthorsusethismethodtoidentifynewbusinessuse
casebyconsideringeachsubscriberasasingleinputimagedescribingthechurningstate.Different
experimentswereperformedtoevaluatetheperformanceofthemethod.Theauthorsfoundthatdeep
convolutionalneuralnetworks(DCNN)outperformedothertraditionalmachinelearningalgorithms
(supportvectormachines,randomforest,andgradientboostingclassifier)withF1scoreof91%.
Thus,theuseofthisapproachcanreducethecostrelatedtocustomerlossandfitsbetterthechurn
predictionbusinessusecase.
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1. INTRoDUCTIoN

Duringthelastdecadecompetitionbecamearealconcernfortelecommunicationproviders(Binet
al.,2007).Thus,operatorsarepoisedtofindnewmethodstoenhancethequalityoftheirservicesand
diversifyperiodicallytheirportfoliotoretaintheexistingcustomersandattractnewones.Whilethe
primaryfocusofeachtelecomserviceprovideristoprovidecustomerservicesatisfaction,preventing
subscribersfromchurningremainsahugechallenge.Churnintelecomsisthetermusedtocollectively
describetheceasingofcustomersubscriptionstoaservice(Huangetal.,2010),andifonecustomer
cancelshis/herserviceandswitchestoanotheroperator,thiscustomerisconsideredasachurner.
Converginglinesofevidenceshowedthatthecostforcustomeracquisitionismuchgreaterthanthe
costofcustomerretention(insomecases~20timesmoreexpensive)(Vafeidisetal.,2015).Thus,it
iscompulsorytotelecomserviceproviderstoidentifyunsatisfiedsubscriberstopreventthemfrom
churning.Forthis,developingreliablepredictivemodelstopredictcustomerchurnarecrucialfor
thebusinessmanagementofthetelecomindustry.

Telecommunicationcompaniesconsidercustomerchurnarealandseriouscommonbusiness
problemsthatshouldbeaddressedverycarefullytoavoidthelossofpotentialsubscribers.Inour
work,wefocusedontheprepaidsubscribers,acategoryofcustomerswhocanterminatetheirservice
subscriptionsandswitchtoanothertelecomproviderwithoutpriornotice.Forinstance,wefound
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that,inonemajortelecomoperatorinMorocco,thechurnrateofprepaidsubscribersissignificantly
higherthanpostpaidsubscribers(Figure1).Whileitispossiblethatsuchhighchurnrateinprepaid
subscribersmaybeisduetofactorsrelatedtohighcostoffer,lowqualityoftheservice,and/orhigh
customerservicedissatisfaction,beingabletoanalyzeandmonitorcustomerbehaviorintimegives
companiestheopportunitytoexecutepreventivemeasuresforretainingthem.

Severalalgorithmshavebeendeveloped(Vafeidisetal.,2015),howeveritisnotclearwhichof
thosemodelsbetterfitfordetectingthechurningcustomers.Toevaluatebetterthechurningimpact
oncustomer’snetwork,severalexperimentshavebeenconductedusingthestate-of-the-artmachine
learning techniques with special emphasis on deep learning algorithms and convolution neural
networks.

ConvNets(CNN)havebeenprovedtohaveaverygoodperformanceindifferentareaofresearch,
includingimagesandvideorecognitions(Simonyanetal.,2014;Yangetal.,2015;Hatamietal.,
2018),naturallanguageprocessing(Zhangetal.,2015),andspeechrecognition(Nodaetal.,2015)
byextractinghigh-levelfeaturesfromalargesetofdata.Inaddition,CNNhasbeendemonstratedto
haveaverygoodperformanceinimageprocessingtasks(Szegedyetal.,2015;Russakovskyetal.,
2015).Thus,itwouldbeofinteresttousethistechniquetopredictthecustomerchurnbyanalysing
imagesofrepresentedcustomer’sbehavior.

Previousstudieshaveshownthatdifferentstateofartpredictivemodelswereusedtopredictthe
churningproblemby(trainingbinaryclassifiers)usinglabeledchurner/nonchurnerdatasetinvolving
theTraditionalhand-craftedfeatures(Keramatietal.,2014;Vafeiadisetal.,2015;TheChartered
InstituteofMarketing,2010)orsocialnetworkanalysistechnique(Phadkeetal.,2013;Richteretal.,
2010).However,motivatedbytherecentadvancesofdeeplearning(LeCunetal.,2015)indifferent
areaofresearch,weproposeanovelmethodusingconvolutionalneuralnetworkforcustomer’schurn
usecase.OurmethodexplorestheefficiencyofdeepConvNetsforthepredictingtask,usingthesame
structureofdatasethandledpreviouslybythe-stateoftheartmachinelearningmodels(Keramati
etal.,2014;Owczarczuk,2010;Vafeidisetal.,2015;Kisiogluetal.,2011).Morespecifically,we
focused on customer’s behavior, which is represented as an input image describing calls/SMS/
Dataandarechargetemporalusageduringtwo-monthcustomerbehavior.WefoundthatConvNets
providesmoremeaningfulanduseful representations (yielded tooptimal results),outperforming
otherconventionalmachinelearningalgorithmssuchasNaïveRandomForest,GradientBoosting
Classifier,andSupportVectorMachine.Thisresultindicatesthatourapproachrepresentsanimportant
contributiontooneopenindustrialquestion:howdeeplearningcanbeausefulmethodinaddressing
issuesrelatedtobusinesstelcodata?

Figure 1. Churn rate comparison during 12 months
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