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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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TherestofThispaperproceedsasfollows:section2describesthepreviousworksandhowthe
churnproblemhasbeenapproachedintheliterature.Sections3and4describesthedatasetsandour
featuresrepresentation.Section5presentsourproposedmodelsthatweusedduringtheperformance
evaluation.Finally,section6and7summarizesmostofourresultsandconclusions.

2. LITeRATURe ReVIew

Churnpredictivemodellinginthetelecomindustryconsistsofusingtheaccuratefeaturestobuildthe
bestclassifier(s).Severalbinaryclassifiershavebeendevelopedwithtwoclasslabels(churner,non-
churner)topredictthefuturebehaviorofcustomers.Severalstate-of-the-artstudieshaveapproached
thechurningproblembytrainingdifferentmachinelearningmodels(Chouiekhetal.,2017),including
logisticregression(Neslinetal.,2006;Owczarczuk,2010),supportvectormachines,decisiontrees
(Chenetal.,2012;Huangetal.,2010),randomforest(Idrisetal.,2012;Xieetal.,2009),Neural
networks(Sharmaetal.,2013;Tsaietal.,2009),ensemblehybridmodelingmethods(DeBocketal.,
2011;Idrisetal.,2013),andevolutionaryalgorithms(e.g,geneticalgorithms)(Aminetal.,2017;Au
etal.,2003).Allthosemainstreammodelsforchurnpredictionusehandcraftedfeatures,whetherby
consideringeachcustomerseparatelyorbyapplyingsocialnetworkanalysis(Richteretal.,2010).
Mostcustomerfeaturesareobtainedfromtelcobusinesssupportsystem(BSS)includingcalldetail
records(callduration,numberofoutgoingSMS,numberofvouchers,datausage,etc.),demographic
profiles(Age/Gender/Socialclassbands/Countrycode)(Vafeidaisetal.,2015),orbillinginformation
(billingamountofsubscribers,billinghistory)(Kisioglu,Pinar,&Topcu,2011).

Experimental results from the previous works showed small improvement of predictive
performancefromonemodeltoanotherandthatallpredictiontechniquesthatattemptedtoimprove
the accuracy (either usingdifferent combinationof featuresor increasing thedataset during the
trainingphase)failedtomakesignificantimprovementinpredictingcustomerchurn.Here,weused
anovelmethodofdeepconvolutionneuralnetworkstopredictcustomerchurnprobleminadataset
fromaMoroccantelecomcarrier.Themainresultsaresummarizedasfollows:

• TheDevelopmentofanewmethodologyinordertoapproachthechurnbusinessproblemby
applyingstructuraldatatotheDCNNmodelusingarawtelecommunicationdataset;

• AnExperimentalevaluationofourproposedmodelanditscomparisonwiththepreviousstate-
of-the-artmachinelearningmodels,anddiscussingtheabilityofourmodeltoexploreandlearn
featuresusingstructureddata;

• TheapplicationofdifferentCNNnetworkarchitecturestoinvestigatewhichmodelfitsbetter
thechurnusecase.

3. FeATURe RePReSeNTATIoN AND ANALySIS

Calldetailsrecords(CDR)areusedaslogeventsrepresentingcustomer’sbehaviorduringaspecific
periodoftime.Thisinformationincludesthefollowingtypeoffeatures:

• CallsEventincludingnumberofoutgoingcalls,numberofincomingcalls,numberofinternational
calls,andtotalcallsdurationpercategory(incoming,outgoing,etc.);

• RechargeEventsreferredtousastotalRechargeamountandnumberofrecharges;
• SMSEventsrepresentingthenumberofincoming/outgoingSMS;
• MMSEventsrepresentingthenumberofincoming/outgoingMMS;
• DataEventswhicharerepresentedasdatauploadedordownloadedvolumepersubscriber;
• SubscriptionsEventswhicharenumberofsubscribedoffers.
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Eachcustomerisrepresentedwithanimagelabeledwith1for‘churned’subscriberor0for‘not
churned’subscriber.Theimagewidthcoversthewholeperiodactivityoftwomonthsdefinedby60
continuousdays’customerbehavior.Thus,ourinputimagehasasizeof60×14(widthandheight).
Thedataismanipulatedintoa2-dimensionalarraywhererowscorrespondtodaysandcolumnsto
differenttypesofbehavior(call,Recharge,SMS,Data,subscriptions).Itisimportanttomention
thatourdatasetscontainprepaidsubscribersonly.Thosetypeofsubscribersarelesscommittedand
theycanterminatetheirsubscriptionatanytimewithnopriornotice.Ofnote,churnersaredefined
asthosewhodidn’tperformanyrechargeeventforspecificperiodoftime.Inordertodefineimage
labels,eachcustomermaybeinoneofthefollowingstatus:Idle,active,suspended,disabledorPool
(seedetailsinTable1).Eachstatedefinescustomer’sbehaviorafteraspecificperiodoftime.Our
extractionmethodwasfocusedonsubscriberswithastatedifferentfrom‘active’one.Thesecustomers
havethehighestprobabilitytocanceltheirsubscriptionsandso,countermeasuresshouldbetaken
topreventthemfromchurning.Figure2describestheflowchartofdatacollectionandprocessing
byourdeepconvolutionneuralnetwork.

4. IMAGe TRANSFoRMATIoN AND LABeLING

Inthissection,wedescribedhowthedatawasintroducedandrepresentedasartificialimagesdescribing
customer’sbehavior.Thistransformationwasinspired,atleastinpart,bythewordrepresentation
inword2vecmodelalreadypublishedbyMikolov(2013).Infact,thismethodhasencodedagiven
wordbyassociatingeachwordtoonevector,soeachwordisrepresentedbyadistributionofweights
acrossthevectorelements.Theencodingprocesswasperformedbymappingourinputdatasetto
anotherspacerepresentationandtransformingourstructuraldataintoartificialimagesthatwerefed
throughdifferentDCNNmodels.Asaresult,ourdatasetismappedintoasimplelinearrepresentation
whereeachlinecorrespondstooneofourdatasource:calls/SMS/Recharge/Datarespectively,and
columnsaremappedtodays.AsshowninFigure3thetimeislinearlymappedintothex-axisofour
imageandthey-axisisreservedforeachoneofthedatasourcesmentionedabove.

Becauserangesofourdatasetvaluesvarywidely,a‘uniformization’isrequired.Thus,weshould
applyrescalingusingfeaturescalingmethodinordertogetvaluesintherangeof[0,1].Thegeneral
formulaofthistechniqueisgivenbelow:

f x
x x

x x
( ) =

− ( )
( )− ( )

min

max min
 (1)

where f x( ) isthenormalizedvalue.

Figure 2. General framework for customer churn detection using DCNN
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Giventhedecimalfractionofnormalizedvalue,thebinaryrepresentationvalueiscomputed
usingastraightforwardconversionalgorithm,foraninstanceifanormalizedvalueofthepixelisP
=0.668,thebinaryconversionis10101011andthecorrespondingvalueofthepixelwillbe171.
Asaresult,thepixelintensitywillbeproportionaltocustomeractivityforthefourcategoriesof
behavior(CALL,SMS,Recharge,Data).

Imagelabellingwasperformedaccordingtocustomer’sactivityduringthelast60days.During
thisperiod,thestateofthesubscribermaychangefromActivetoPool,leadingtoahigherchurn
rateifnopreventiveactionistaken.Forinstance,afterfirstcall,subscriberenter‘active’status,if
heexceedsacertaindurationlimitwithnorechargeevent,hisstatusischangedto‘suspend’andif
thecustomerregistersnoactivitywithinaspecificdurationlimit(60daysinourcase,butitcanbe
differentfromonetelecomprovidertoanother),hemovesto‘Disable’statusandfinallytoPoolstatus,
whichdescribesthehighestprobabilityforqualifyingthecustomerasachurner.Welabelledchurner
customerswith1andnon-churnerwith0.Thelifecyclefordatalabellingofprepaidsubscribers
isillustratedinFigure4,alsoTable1givesasummarydescriptionofdifferentcustomer’sstatus.

5. CoNVNeTS NeTwoRK ARCHITeCTURe

Afterimagelabelingandclassification,thedatasetwaspassedthroughadeepconvolutionneural
network.OnemajorbenefitofConvNetsistheabilitytolearnfeatureshierarchicallyandexploitthe
advantageofsharedweights,inadditiontothetranslationinvarianceproperty,whichcanreducethe
numberofneededparameterswithoutimpactingtheperformance.

After learningthefeature throughtheConVnet, thefullyconnectedlayersareusedinorder
toclassifytheinputimagetothetargetlabels(Theclassifiedimagesrefertochurner/nonchurner
customersandthepixelintensityrepresentscustomer’sbehavior).

The‘Tweaking’ofparameters isessential to improvetheperformanceof the testedmodels.
Thus,ourworkconsistsoftestingtwodifferentmodels.OurfirstmodeldescribedinFigure5is
calledConv-D1whichconsistsof twosequential convolutional layers followedbyelementwise
activationfunction.WeappliedRELUlayer,whichispreferredoverothermethodssuchassigmoid
orTanhfunction(becauseofitscapacitytospeeduptheconvergenceofstochasticgradientdescent,
especiallythatfasterlearninghasagreatinfluenceontheperformanceoflargemodelstrainedon
largedatasets(Krizheyskyetal.,2012)).Thenweapplied2x2maxpoolinglayerandtwoconsecutive
fullyconnectedlayersof120unitswith0.5dropoutendinginasoft-maxfunctionwithtwooutput
unitsforourbinaryclassification(1or0).Infact,theuseofdropoutwithfullyconnectedlayersisan
excellenttechniqueforimprovingtheperformancebyreducingoverfitting(Srivastavaetal.,2014).In
thefirststep,weappliedsmallfiltersofconvolutionstoextractthecharacteristicsofeachcustomer
duringsevendaysofbehavior,similartofeaturemapsdetectedforimagerecognition.Inthefirst
convolutionofouranalysisweusedeightfiltersofsize7×1.Inthesecondstep,weappliedasecond
convolutioninvolvingsevenfiltersofsize1×5replicatingacrossallfeaturestoanalysecustomer’s
behaviourforthe14thpredefinedfeaturesduringtwomonths.

Figure 3. Image representation example for one customer over 60 days’ activity. Pixel intensity is changing from blue to red.
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WeusedrecommendedhyperparametersforCNNtraining(Bengio&Boulanger-Lewandowski,
2013). In fact, themodelwas trained for40epochsusingcross-entropy loss function (Andreas,
Stuetzle,&Shen,2005),thatwetriedtominimizetheduringthetrainingphase.Thegeneralformula
ofthelossfunctionisgivenbelow:

L x w
i

i i
= −∑

1

2
( )  (2)

wherex
i
istheoutputoftheithnetworkoutputunitandw

i
istheithvalueofthetargetoutput.

Weusedthestochasticgradientdescentbybackpropagationalgorithm(Phadkeetal.,2013)with
minibatchsizesof200withadaptivelearningratesandmomentumvalueof0.9.Thenthmini-batch
gradientdescentupdateofthenetworkparametersΦisstatedasfollow:

Figure 4. Prepaid subscriber life cycle

Table 1. Customer’s status description

Status Description

Idle Initialstatus,Nofirstcallmade

Active Normalstatusafterfirstcall

Suspend Activeperiodhasbeenpast,thesubscriber
can’tmakeOutgoingcalls

Disable suspendperiodhasbeenpast,thesubscriber
can’treceiveormakeoutgoingcalls

Pool Afterthedisableperiodhasbeenpast,customer
can’tbeusedanymore,andtherecycling
processistriggered
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Φ(t)←Φ(t-1)-β
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α
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z
t ′ representsanexample ′t duringthetrainingset, β

t
isthelearningrateatsteptwithmini

batchsizeequaltoB.Inaddition,weexploredtheInitializationprocedureasproposedbyGlorot&
Bengiotomakethetrainingfaster.Thismethodisrepresentedmathematicallyasfollows:

W U
n n

ij
~ ,−












1 1  (4)

whereU[−a,a]istheuniformdistributionintheinterval(−a,a)andnisthesizeoftheprevious
layer(thenumberofcolumnsofW)(Xavier&Bengio,2010)

Inordertoselecttheappropriateoptimizationparameters,wefollowedrandomsearchprocess.
Infact,findingagoodoptimizationparameterhasmuchmoreinfluenceontheobtainedperformance
(Leo,2001).Wereportedthebestvaluesofhyperparametersbasedondifferenttestscomputedover
time.

ThefinalsetupissummarizedinTable2.Thissetupisusedduringallcomingexperimentsaswell.
Inaddition,weconsideredusingmultiplesetsofpartitions.Theinputdatasetwasdividedinto

training(50%),validation(25%)andtestingdataset(25%).Otherwise,theresultbasedonasingleset
couldbehighlybiased.Weonlypresentedtheaveragedresultsoverthesesetsinournextsections.

Oursecondmodel iscalledCONV-SVM(themostchallengingone).Weusedasupervised
learningmodelonfeaturesobtainedfromourdeeplearningmodel(ConvNets).Infact,themodelof
SharifRazavian(2014)reusespre-trainedCNNasfeaturegeneratorstoaddressmanyrecognition
tasks suchasobject classificationand the results strongly suggested that featuresobtained from
deeplearningmodelswithconvolutionalnetsaretheprimarycandidateinmostvisualrecognition
tasks(Razavianetla.,2014).Therefore,inthisworkweappliedthesameapproachtoaddressthe
predictiontaskdealingwiththechurnusecasebytrainingabinaryclassifierbasedonCNNfeatures.
Ofnote,thismodelisnotaconventionalapproachforDeepConvNetstraining,butit’sworthyto
explorethismethodandcompareitwiththebaselineoftheCNNperformance.Theproposedmodel
istrainedbyremovingthesoftmaxlayerandusingthe120activationsfromthefullyconnectedlayers
asfeaturesonastandardmachinelearningclassifier.Forinstance,theSVMtechniquehasshown

Figure 5. Conv-D1 Architecture: The convolution kernels applied in the first stages are shown in the yellow rectangle
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agoodperformance(Huang,Kechadi,&Buckley,2012)forproducingabinaryclassification.The
detailsofourCONV-SVMarchitectureareexplainedinTable3.

OurthirdexperimentusedanothermodelcalledCONV-RFbasedonCNNfeaturesalso.We
investigatedtheeffectivenessofthestandardrandomforestsalgorithm(Breiman,2001)touncover
moreinsightsregardingthechurnusecaseanalysis.Followingthesamemethodology,wetookfeatures
fromourproposedCNNmodeltrainedonthetelecomdatasetandusingthemastraininginputsfor
therandomforestalgorithm.ThedetailsofourCONV-RFarchitecturearedescribedinTable4.

6. ReSULT AND DISCUSSIoN

6.1. evaluation Criteria overview
Totesttheeffectivenessofourapproachweconductedseveralsuccessfulpilotexperimentsonreal
(raw)telecomdatasets.Themodelswereevaluatedusingthefollowingevaluationscriteria:accuracy,
precisionrecall,andspecificity,whichwerecalculatedfromtheconfusionmatrixshowninTable
5.WedenotedthepositivecasesthatwerecorrectlyclassifiedbyTP,thepositivecasesthatwere
incorrectlyclassifiedbyFP,thenegativecasesthatwereincorrectlyclassifiedbyFN,andfinally
TNwhichrefertothenegativecasesthatwerecorrectlyclassified.Themetricsobtainedfromthe
confusionmatrixaredefinedasfollows:

Accuracy
TP TN

FP FN TP TN
=

+
+ + +

 (5)

Table 2. Hyperparameters setup

Parameter Value

NumberofEpoch 40

Learningrate 0.1

Momentum 0.9

Weightdecay 0.045

Mini-batchsize 200

Table 3. Our proposed CONV-SVM architecture

Layer Layer’s Specification

1 ConvolutionLayer1

2 ConvolutionLayer2+RELU

3 MaxPooling

4 Fullyconnectedlayer1

5 Fullyconnectedlayer2

6 SVMClassifier
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Precision
TP

TP FP
=

+
  (6)

Recall
TP

FN TP
=

+
 (7)

Sensitivity
TN

TN FP
=

+
 (8)

However,thosemetricsalonecannotdescribetheefficiencyofourproposedmodelsclearly.
Thus,duringourmodel’sevaluationweusedalsotheF1score,whichisdefinedastheharmonic
meanofprecisionandrecallasfollow:

F Score
Precision Recall

Presicion Recall
1

2
 =

× ×( )
+( )

�
 (9)

Frommobileoperatorperspective,thecostoflosingimportantcustomersismuchhigherthan
takingretentionactionstopreventthemfromchurning.Inotherwords,thecostrelatedtoincorrect
classificationofchurners ishigher than thecostassociatedwith the incorrectclassificationofa
non-churner.Thus,Mobiletelecomproviderstendtochoosemodelswithhighprecisionratherthan
modelswithhighsensitivity.Altogether,inordertoassesstheeffectivenessofoursmodels,their
performanceiscomparedintermofprecision,recall,F1scoreandAreaUnderCurve(AUC).

6.2. Results
Inourfirstexperiment,theaccuracyofConv-D1iscalculatedduringdifferentepoch.Ithasbeen
shownthatanepochisoneforwardpassandonebackwardpassofthewholetrainingexamplesduring
thegradientdescentalgorithmcalculation.AsshowninFigure6,wehavecalculatedtheaccuracy
during40epochsusingthe120features.Thesameplotalsodisplayedtheaccuracyofthesecond
andthirdmodelusingsupportvectormachinesclassifierandrandomforestsapproachrespectively.
Theseresultsconfirmedthatthebestaccuracyisobtainedusingthethirdmodelatepoch36.This
indicatesthatapplyingtheearlystoppingiscrucialinpreventingunnecessarycomputation.Basedon

Table 4. Our proposed CONV-RF architecture

Layer Layer’s Specification

1 ConvolutionLayer1

2 ConvolutionLayer2+RELU

3 MaxPooling

4 Fullyconnectedlayer1

5 Fullyconnectedlayer2

7 RandomforestClassifier
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theprovidedresults,itisprettyclearthatSVMandRFtrainedviaCNNfeaturesoutperformedthe
CONV-D1modelusingtheCNNbaseline.Figure6alsoshowedthatCONV-RFandCONV-SVM
performedbetterwhencomparedtoConv-D1evenatepoch0.Notethatatepoch0theCNNhasnot
beentrainedyet.AllrelatedresultsarepresentedandsummarizedinTable8.Becausetheclassification
accuracyisnotgoodenoughtoevaluatetheperformanceofourmodels,wehavecalculatedthevalue
ofprecision,recall,F1ScoreandAUCtoselectawell-performingmodel.Ourfindingspresented
inTable6confirmthatCONV-RFmodelwasstillachievingaremarkablygoodprecisionandrecall
outperformingCONV-SVMandCONV-D1modelsbyachievinganF1Scoreof91%.

Tofurtherexaminewhichofthosemodelsgivethebestresults,weconsideredthreeconventional
machinelearningalgorithms:RandomForest(RF),GradientBoostingClassifier(GBC)andsupport
vectormachines(SVM)usingthesamedatasetofcustomers.DuringSVMmodelimplementation,
weadoptedk-foldcrossvalidationapproachtoavoidoverfittingproblem.Andinordertoselectthe
bestkernelfunction,themodelwasevaluatedintermofF1Score,precisionandrecall.Ourfindings
arereportedinTable7.ThebestperformancewasobtainedusingRBFkernelfunction.

Finally,wecomparedtheperformanceofthetraditionalmachinelearningalgorithmwithour
proposedmodels:CONV-SVM,CONV-RFandConv-D1.OurfindingsreportedinTable9showed
clearlythattheCNNModelsoutperformedthetraditionalmachinelearningalgorithmswithF1score
of0.91andAUCof0.92forCONV-RF,F1Scoreof0.88forCONV-SVMandF1Scoreof0.86

Table 5. Confusion matrix for model’s evaluation

Predicted Class

Churner Non-Churner

Actualclass Churner TP FN

Non-churner FP TN

Table 6. Performance comparison using F1 Score and AUC

CONV-D1

precision recall F1-score AUC

0.83 0.89 0.86 0.87

CONV-RF

precision recall F1-score AUC

0.88 0.95 0.91 0.92

CONV-SVM

precision recall F1-score AUC

0.86 0.91 0.88 0.89

Table 7. SVM kernel function selection

Kernel Function Polynom Degree Precision Recall F1 Score

Linear/
Polynomial

3 0.58 0.648 0.65

RBF - 0.79 0.85 0.82
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forCONV-D1.Theseresultsareofgreatimportanceinpredictingcustomerchurninthetelecom
industry(asevidencedbytheefficiencyofDCNNarchitecturesoverthetraditionalmachinelearning
techniques).GBCandSVMalgorithmsalsoprovideaprettygoodresultwithanF1Scoreof0.83
and0.82respectively.

DetectingChurningcustomersontimeisveryimportant,whichallowstakingpreventiveactions
andavoidingadditionalrevenueloss.Thus,wehavecalculatedthetrainingdurationofourproposed
DCNNarchitecturesandcomparedthemwiththetraditionalmachinelearningalgorithms:SVM,RF
andGBC.WeusedGPUacceleratedCNNswhichprovedtoprovideahugespeedperformanceand
50timesfasterthanstandardtrainingoverCPUonly(Christianetal.,2015)especiallythatGPUs
weredesignedtohandleandprocessoperationinparallelduringlargedatacomputation.Furthermore,
someoftheGPUbasedCNNimplementationscontributedsignificantlytorecentsuccessinfamous
contests(Stalkampetla.,2011)forobjectdetection,patternrecognitionorimagesegmentation.This
becomeseasiertouseintheresearchcommunitywithawiderangeofopensourceframeworksbased
onGPUsuchasTheano,TorchandCaffe(Bahrampouretal.,2016).

Wehavecalculated the trainingdurationofourdifferentDCNNarchitectures to investigate
theireffectivenessagainstthetraditionalmachinelearningalgorithms.AsshowninFigure7,wecan
seethatGBCalgorithmtakeslesstimeintrainingthewholemodel.Forinstance,70%oftraining
datasettook1000second,whileithastaken1800secondforCONV-RFmodel,whichismerelytwo
timesmorethanthetraditionalmachinelearningalgorithmtraining.Duringtheend-to-enddataset
training,theGBCmodeltook1900secondonlywhichoutperformedremarkablythetrainingduration
ofCONV-RF,CONV-SVM,CONV-D1andtherestoftraditionalmachinelearningalgorithmsas
well.TheseresultsshowedthatDCNNarchitecturestakelong-timetotrainthewholemodeloreven
apartofit,whichmeansthatCNNmodelsrequiremorecomputationalpower.Thisismainlydue
tothenumbersofparametersinvolvedtotrainourdeeplearningalgorithms.Ofnote,themachine
learningtechniquesrelativelytakeslesstimetotrainthemodelend-to-endresultinginlesscomputing
power.Thestraightforwardwaytoimprovethetrainingspeed-upofCNNarchitectureistoaddmore
GPUnodesandtrainthenetworkusingdata-parallelStochasticGradientDescent,whereeachworker
receivessomechunkofglobalmini-batch(Krizhevsky,2014).However,thecomputationalpower
costissignificantlyincreasedaswell.

Inconclusion,thechurnpredictionisoftennotdoneinreal-timesoinpracticethemostperformant
modelwillbechosenbytheoperator.

7. CoNCLUSIoN AND FUTURe woRK

Inthispaper,wehavedemonstratedhowdeeplearningalgorithmscanapproachthechurnbusiness
problembyapplyingstructuraldatafromarealmobiletelecomprovidertodifferentDCNNmodels.
Furthermore,wehaveshownthatourdeeplearningmodelsachievegoodresultsinthechurnprediction
businessproblembysurpassingthetraditionalmachinelearningalgorithmsintermofAUC,F1Score,
precision,andrecall.Whilethemachinelearningtechniquesrequirelesstimeintrainingthemodels,
muchmoretimeisneededfortrainingDCNNarchitectures.Thedifferenceintimetrainingscanbe
duetothenumberofhyperparametersusedduringmodel’sbuildingandtraining.Itispossibleto
overcometheselimitations,byusingotherDCNNmodelsthatcanbetestedbasedonthesamedatasets
suchasthepre-trainedCNNsarchitectures,speciallythattheyoutperformrandomlyinitializednets
slightly.Thus,itwouldbeveryinterestingtousethesemodelsforthechurnusecasetoimprovethe
performanceindetectingchurnproblemintelecomindustry.

OurresearchcanalsobeextendedtotestingotherDCNNmodelsbyexperimentingthefeatures
extractionfromdifferentfullyconnectedlayersinsteadoftakingfeaturesfromthelastfullyconnected
layeronly.Insum,thenovelmethodpresentedinthisworkcanbeappliedtomanymobileoperators
foranalysingthechurnproblemandseekingforanimprovedpredictionaccuracy.Itcanalsobeused
inotherareasofbusinessdealingwitheverydaycustomerserviceswherethechurnproblemisabig
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concernforbusinessmanagement.Itisworthmentioningthatapplyingmorefeatureselection,using
differentsourceofdata(suchasOSS,(operationssupportsystems),orthecombinationofbothBSS
andOSSsourcedatawillimprovetheaccuracyandperformanceofourmodelstopreventcustomer
churnandincreasecompanyrevenue.

Figure 6. Model’s accuracy at different epoch

Table 8. Max accuracy comparison of Conv-D1, CONV-SVM and CONV-RF

Model Accuracy

CONV-D1 0.89

CONV-SVM 0.90

CONV-RF 0.92

Table 9. Performance comparison with traditional machine learning algorithms

Model F1 Score Precision Recall AUC

CONV-D1 0.86 0.83 0.89 0.87

CONV-SVM 0.88 0.86 0.91 0.89

CONV-RF 0.91 0.88 0.95 0.92

SVM 0.82 0.79 0.85 0.82

GBC 0.83 0.80 0.86 0.85

RF 0.78 0.75 0.82 0.76
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Figure 7. Training duration comparison of our proposed models
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