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ABSTRACT

Nowadays,thevirtuallearningenvironmenthasbecomeanidealtoolforprofessionalself-development
andbringingcoursesforvariouslearneraudiencesacrosstheworld.Thereiscurrentlyanincreasing
interestinresearchingthetopicoflearnerdropoutandlowcompletionindistancelearning,withone
ofthemainconcernsbeingelevatedratesofoccurrence.Therefore,theearlypredictionoflearner
withdrawalhasbecomeamajorchallenge,aswellasidentifyingthefactors,whichcontributeto
thisincreasinglyoccurringphenomenon.Inthatregard,thismanuscriptpresentsaframeworkfor
withdrawalpredictionmodelforthedatafromTheOpenUniversity,oneofthelargestdistancelearning
institutions.Forthatpurpose,westartbypre-processingthedatasetandtacklingthechallengeof
discretizationprocessandunbalanceddata.Secondly,thispaperidentifiesthesemanticalissuesofraw
databyintroducingnewbehaviouralindicators.Finally,wereckononmachinelearningalgorithms
forwithdrawalpredictionmodeltounderstandthelackoflearners’commitmentatanearlystage.
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1. INTRodUCTIoN

Withan increasing interest inopeneducational resources, theweb-based learninghasbecomea
commonplaceinhighereducationinstitutionsandorganisations.Thereisplethoraofdifferentterms
usedinliteraturetodescribetheonlinelearningdeliveryplatformslikeVirtualLearningEnvironment
(VLE),orLearningManagementSystems(LMS),orMassiveOpenOnlineCourses(MOOC).Inthe
remainingofthispaper,wewillusethetermVLEfordesignatingalltheE-learningenvironments.
Thesemoderntrendsoftheseplatformsiscreditedtotheirabilitytoprovideanopen,online,high
qualityandlow-costeducationalcontentonalargescalemoreefficiently(Almatrafi&Johri,2018).
TheVLEsattractnotonlytheeducationalandpedagogicalcommunities,butalsoscientistsfrom
various disciplines such as Philosophy, Educational science, Machine Learning, Statistics, and
Computerssciences.Despite thepotentialandhighassociatedwith theVLE,retentionrateover
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allaretypicallyverylow.Studiesondistancelearningassertthatthepercentageoflearnerswho
completedthecourseisonly22%(Reich,2014),oreven7%reportedby(Jiang&Kotzias,2016).
SuchpercentagesseriouslydoubtthereliabilityandtheefficacyoftheVLE(Kloft,etal.,2014).

Thisinturncanmotivateresearchersandscientiststoanalyseandexploitthereasonsofthehigh
withdrawals;hence,dropoutpredictioncanbeanimportantaspectinsuchenvironment.Anearly
predictioncanhelpthedifferentstakeholdersforseveralreasons.Teacherscananticipatepossible
issueswithlearnersandadapttheircoursesorleaningstrategiestoimproveengagement.Inaddition,
instructorsorcourses’designerscanusethepredictivemodeltomakedecisionsaboutthecurricular
designandtopersonalizeinterventions.Furthermore,learnerscanreceiveinformationabouttheir
learningprogress,whichallowthemtoreflectonhowtheyaredoingandimprovetheirperformance.

Rigorouseffortswereputformodellingadvancedtoolsformonitoringthelearners’progress.
ThesetoolsoftenusetheVLElearners’characteristicsasaninputandthepredictingthelearners’
coursewithdrawalasanoutput. In thiscontext,variousMachineLearningtechniqueshavebeen
successfullyappliedtoobtainstatisticallyhighdropoutpredictionaccuracy.Theymainlyfocused
ongatheringthelearners’characteristicsandonapplyingseveraltechniquesinordertoprocessthis
formofdata.

IntheVLEcontext,manydatasetsservedtobuildmodelsaimedatpredictingtheaforementioned
outcomes,liketheKDDCup(Kuzilek,etal.,2017),OULAD(Kuzilek,etal.,2017),theStudent
AcademicPerformancedataset(Bharara,etal.,2018),etc.Theexistingmethodsfordatapreprocessing
mainlyemployedtheintrinsicstatisticalcharacteristicsofthedatafeatures(thelearners’descriptors),
inordertoprepareaneffectivedata,beforethetrainingstep.Nevertheless,thesefeaturesenclosed
asemanticalcharacteristicthathasanimportantimpactontheextractedknowledge’quality.The
abstractionofthelearners’descriptorsisperformedthroughtheestablishmentoftheindicators.In
theworkdoneby(Popescu,2009),thebehavioralindicatorsreferredtotherelativefrequencyof
theselearneractions,theamountoftimespentonaspecificactiontypeandtheorderofperforming
theseactions.Accordingto(Bousbia,etal.,2013),anindicatordescribesthelearners’navigation
behaviorsbasedontheirlow-levelnavigationtraces(linksfollowed,clicks,etc.).Basedontheabove-
mentioneddefinitions,weinferthat,themodelofbehavioralindicatorsisseenasameta-knowledge
ofthetraces’observations.Manybehavioralindicatorsareproposedinliteraturelikenavigationtype
(Bousbia,etal.,2013),disorientation(Adda,etal.,2016),concentrationrate(Ammor,etal.,2013),
collaborativelevel(Bouzayane&Saad,2017),contributionrate(Wong,etal.,2015)andeffortlevel
(Papanikolaou,2015).Theseindicatorsofferedaconsiderablerepresentativepower;theyprovided
newsemanticallycoherentfeatures’set,whichisefficientnotonlyforoptimizingthepredictabilityof
learners’dropoutbutalsoforunderstandingtheimpactoftheindicatorsonthelearners’commitment
tothecoursecompletion.

Forthissake,weproposeourownframeworkforawithdrawalpredictionmodelfortheOULAD
dataset (OpenUniversityLearningAnalyticsDataset)of theOpenUniversity,oneof the largest
distancelearninginstitutionsinUnitedKington(Kuzilek,etal.,2017).Westartbypre-processingthe
datasetandtacklingthechallengeofdiscretizationprocessandunbalanceddata.Secondly,weaddress
thesemanticalissuesofrawdatabyintroducingnewindicators.Notably,wefocusonthebehavioural
indicatorscovering the learners’ interactionsduring the learningsessions.Finally,we reckonon
MachineLearningalgorithmsforensuringbothefficientandsemanticallycoherentpredictivemodel.

Thestructureofthispaperisorganizedasfollows.Webeginbypresentingtheexistingworks,
whichtacklewiththeproblemoflearners’dropoutinVLE.Inthethirdsection,wedescribethe
different facetsofOULADdataset.Thesubsequent section involvesour steps forpreparingand
preprocessingtherawdatatobeeligibleforadataminingtask.Inthefifthsection,weproposenew
demographic,behavioural andperformance indicators.Thereafter,weproceed toexperimentally
assesstheobtaineddataforpredictingthelearners’dropout.Finally,werecallthemaincontributions
andidentifysomefutureresearchinshorttermsandothersinthelongterms.
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2. LITeRATURe ReVIeW

Dropoutsareexpensiveforeducationalinstitutesaswellasforsociety(Barbu,etal.,2017).Itisplain
toseethatresearchersalongwitheducationaltechnologiesproposedinnovativedropoutprediction
solutions.Considerableeffortshavebeenconductedtocollectthelearners’characteristics,inorderto
understandthelearners’withdrawalsondistancelearning.Someresearchworkswereexperimented
byusingpublicplatformslikeCourserain(Maldonado-Mahauad,etal.,2018),Edxin(Liang,etal.,
2016)andMoodlein(Romero,etal.,2013),orprivateplatformslikein(Zhang,etal.,2017)and(El
Haddioui&Khaldi,2017).OtherstudiesexploitedfreelydatasetsliketheKDDcupdatasetin(Cao
&Zhang,2015),OULADin(Kuzilek,etal.,2017),theAssessmentsBenchmarkdataset(Piech,etal.,
2015),etc.Thecollecteddatacancoverthediscussionforums,thenavigationpath,theassessments
scores,theclickstreams,etc.Otherresearcherslike(Kardan&Conati,2013)adoptedaninnovative
technologyforcollectingthelearners’traces,whichisaneyetrackingformonitoringthelearner’s
eyegaze.In(ShareghiNajar,etal.,2015),theauthorsprovedthatthisprocessoftencontainnoise,
whichcanbecausedbydifferentfactorssuchasparticipant’sheadmovements,wearingcontactlenses
andglasses,orinaccuratecalibration.Moreover,itisverylikelythatthecollecteddatamaycontain
privacyinformationaboutthelearner(May,etal.,2016).

ThecontentofthesedatasetsdependsonthespecificitiesoftheVLE,theaccessibilityofthe
VLE(protectedoropensource)andontheapplication’scontextandaim.Eachproposeddataset
emphasizesononeinformationsideoflearner’sindividualdifferencesandignorestheothersides.
Forexample,theKDDCupdataset(Cao&Zhang,2015)doesnotcontainthedemographicand
historicaldatafrompastcourses.OtherdatasetsliketheStudents’AcademicPerformancedataset
(Bharara,etal.,2018)andtheAssessmentBenchmarkdataset(Piech,etal.,2015),doesnotcoverthe
behavioralaspectoflearners.InCourseraplatform,someresearchersinvestigatedonlyinthediscussion
forums(Wenetal.,2014)(Wang,etal.,2015),butothersdealtonlywiththelearners’clickstreams
invideos(Shridharan,etal.,2018).However,theexperimentsmadeinCourseraplatformneglected
the demographic and performance features. Moreover, it remains not open-access for scientists
duetomanyprivacyissues.VLEsareoftendeclinedtopublishthedataduetoconfidentialityand
privacyconcerns(Dalipi,etal.,2018).Itwasprovedthatitisnotalwaysstraightforwardorsimple
topromiseabsoluteprivacy,confidentialityandanonymitywhenusinganopenVLE(May,etal.,
2016).Wherefore,weoptfortheOpenUniversityLearningAnalyticsDataset(OULAD),whichthe
privacylevelsareclearlyidentified,andtheirprotectionmeasuresallowustosetrulesandpolicies
intermsoflearnertracking(Kuzilek,etal.,2017).Thisdatasetisfreelyavailable1,anonymisedand
certifiedbytheOpenDataInstitute2.Itincludesbothlearnerdemographicdataandinteractiondata
withtheuniversity’sVLE.PreviousworkwithOULADuseddifferentmachinelearningandpattern
recognitiontechniquestounderstandthecausesoflearners’withdrawals.It isachallengingtask
duetoawidevarietyoffeaturesthatareemployed,eachofwhichisdesignedforaslightlydifferent
problemspecification. In theworkdoneby (Haiyang,etal.,2018),only threekindsof learning
activitiestypes(forum,OUcontentandresource)wereconsideredformodelingthedropoutproblem.
Accordingto(Wolffetal.,2014),thefourVLEactivities(forum,OUcontent,resource,Subpage)
anddemographicdatacontributedthemostfordeterminingthelearners’withdrawal.Nevertheless,
otherstudieslikein(Hussain,etal.,2018)highlightedthatthesignificantlearningactivities’types
forpredictinglow-engagementinanOULADDatasetwere“OUcontent”,“forumng”,“subpage”,and
“homepage”.Incontrasttothesefindings,theauthors(Heuer&Breiter,2018)combinedallactivity
typesintoasingleformula,i.e.dailyactivity.Inthiswork,thesemanticsbehindthelearningactivities
areneglected.Therefore,theseresearchworksdidnotexploitallthefacetsoftheOULADdataset.

From other side, all the studies cited previously viewed the dropout prediction as a binary
classificationproblemtomakedistinctionbetweenwithdrawalandretentionoflearners.Intermsof
themachinelearningandpatternsrecognitiontechniquesused,somestudiesadaptedone(Kuzilek,
etal.,2018)ormoresupervisedclassificationalgorithms(Hussain,etal.,2018)(Heuer&Breiter,
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2018).While,thesestudiesdidnottakeintoconsiderationtheunbalanceddataissue.Itcorresponds
tothecasewherethepredictionclassesarenotequivalentlydistributedallovertheinstances(the
learners,inourcase).Thisleadstoover-fittedmodels,whichusuallytendtopredictcorrectlythe
majorityclassandtopredictwronglytheminorityclass.

Moreover,theseworksarelackinganimportantdimensionofdataunderstandability.Actually,
acentralchallengetoanystudyincludessignificantaggregationofrawdatasets,oftenrequiring
advanced methods that scale to large data sets. The semantics behind the raw attributes are not
straightforward.Forexample,thenumberofclicksonacertainspaceintheVLE’scorresponding
webplatformdoesnottranslatethelevelofpreservationortheautonomyofalearner.Thisproblemis
solvedbytheuseofindicators.Theindicatorsdescribingthelearners’individualdifferencesmayhelp
notonlytheinstructorsintheirmonitoringandaccompanyingtasks,butalsothecourses’designers
forthemodelingandadaptationofthelearningmaterials.Additionally,theycanhelpdevelopers
toevaluatetheVLEeffectivelyandexpandsystemfunctionforfuturedevelopmenttrend.Despite
thesemetricsshowedapowerfulrepresentativedimensiononvariousdatasetslikethatofCoursera
(Ramesh,etal.,2015)orMoodle(Djouad&Mille,2018)and,theywerenotemployedonOULAD
databaseyet.

3. oULAd dATASeT deSCRIPTIoN

Thefollowingarticle’scontributionsarefocusingonOULADdataset,whichisafreelyavailable
asasetofCSVfiles,inthewebunderaCC-BYlicense(Kuzilek,etal.,2017).Thisdatabasewas
collectedattheOpenUniversity,whichistheoneofthelargestdistancelearninguniversityinUnited
Kingdom.Itrepresentsallthefacetsofthelearners’characteristics.Itcontainsinformationabout22
coursesdeliveredbetween2013and2014,whichcomefromtwomaindiscipline:Socialsciencesand
Science,Technology,EngineeringandMathematics(STEM).Figure1highlightsthestructureofthe
OULADdatabase.Eachcourseiscalledamodule.Modulescanbepresentedmultipletimesduring
oneortwoyears.Todistinguishbetweendifferentpresentationsofamodule,eachpresentationis
namedbytheyearandmonthitstarts.

OULADdatasetisobtainedbyjoiningsevendifferenttableswhereallofthemarejoinedto
formacentralcompositetable“Student-Info”:

• Table “Student-Info”:Contains learnerdemographic featureswith the final_result as final
scoreforachievingthecourse,imd_bandstandsforIndexofmultipledeprivation;UKquality
studiescontainingsevenformsincludinghealth,educationskillsanddisabilityforeachlearner
(Gamie,etal.,2019).

• Table “Course”:Coversallavailablemodulesandtheirpresentation.Modulescanbepresented
multiple timesduringoneor twoyears.Todistinguishbetweendifferent presentationsof a
module,eachpresentationisnamedbytheyearandmonthitstarts.

Figure 1. The structure of OULAD database
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• Table “Assessment”: Three types of assessments are available: Tutor Marked Assessment,
ComputerMarkedAssessment,andFinalExam.Somemodulecontainsamixoftwoormore
typesofassessments.Eachassessmenthasaspecificweightandacut-offdayofsubmission.
Thenumberofassessmentsandtheirweightsvaryfrommoduletomodule.

• Table “VLE”: Includesall thematerialsandcoursecontentsforeachModule-presentation,
uploadedbyteacher.Therearetwentytypesoflearningresourcesavailableforeachcourse,such
asreadingpdffiles,accesstohomepageandglossary,participatinginforumsandcollaborative
platforms,undertakenquizzesandquestionnaires,etc.Eachlearningactivityhasaspecificrolefor
themodulematerialandisidentifiedwithalabel,forexample,Forummng,OUcontent,Dataplus.

• Table “Student_Registration”:Containsthedateofenrolment/un-enrollmentoflearners’in
acertainmodule-presentation.

• Table “Student_Registration”:Containsthedateofenrolment/un-enrollmentoflearners’in
acertainmodule-presentation.

• Table “Student_Assessment”:Referstotheassessmentresultsforeachlearner.
• Table “Student_VLE”:Captures thedaily information relating to learnerbehaviourwithin

anonlinecourse,inadditiontothenumberofclickslearnersmadewhilestudyingthecourse
materialintheVLE.

Table1presentsthedictionaryofOULADdatabase,whichcontainsthedescriptionofeach
fieldineachtable.

4. MeTHodoLoGy oF RAW dATA PRePRoCeSSING

Toovercomethepreviouslystatedissues,weproposeanewframeworkforminingOULADinorder
todesignanewwithdrawalpredictivemodel.Thisframeworkcanhelptheinstructorstointerferewith
atrisklearnersattheappropriatetimewiththerighttoolsforaconstructiveintervention.Moreover,it
cansupportthecourses’designersforadaptingthelearningcontentaccordingtothelearners’needs
orthedevelopersforevaluatingtheVLEefficiency.

Therefore, this framework (see. Figure 2) encloses four main phases: Data preprocessing,
Indicatorsextraction,K-means-basedDataDiscretizing,withdrawalprediction.Inthepresentsection,
wedetailthestepsofthefirstphase.Theyfocusonthreemainaxis:(i)dataformatmapping,(ii)
rules-baseddatadiscretizingand(iii)databalancing.

4.1. data Format Mapping
Asafirststep,westartbymappingtherelationaldatabaseintoatabularstructure(dataset).
This latter isuseful foradataminingprocedure.Therefore,weuse theforeignkeys in the
seventables(seeTable1)inordertomergethemintoaglobaltable.Inourexplorativestudy,
wefocusondatafromonlyonemodule-presentationnamedmodule“DDD”andpresentation
“2013B”(i.e. thismeans that thecoursestarted inFebruary2013).Thecoursebelongson
STEMsubjectwith1303enrollments.Thisdatasetincludes536,837interactions(i.e.learners’
clickstreams) within the VLE and 173,912 submitted assessments. Aiming at representing
eachlearnerbyarowinthedataset,weproceedtoaggregatetherowsthatcorrespondtothe
samelearner’sID.

Thelearner’scorrespondingrowscodetheinformationabouttheirinteractions(numberofclicks)
withaparticularsite,whichrepresentsacertainactivitytype,atdifferenttimestamps(throughout
thelearningjourney).Foreachactivitytype,weproposetoinsertnewcolumnsthatrepresenttheir
correspondingtotalnumberofclicks.Asthedatasetcontainstwentyuniqueactivitytypes,wesuggest
classifyingthemintofourfamilies:
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• CollaborationactivitiesincludesForuminteraction(Forumng),Wiki(Ouwiki),Collaborative
tasks(Oucollaborate)andElluminatetasks(Ouelluminate).

• Course structureactivities includesbrowsing the typeofactivities likeglossary,homepage, 
dataplus,etc.

Table 1. The Dictionary of OULAD database

Table Attribute Description

Student_Info id_student Theuniquelearneridentificationnumber.

gender Thelearner’sgender.

region Thegeographicregion,wherethelearnerlived.

highest_education Thehighestlearnereducationlevelonentrytothecourse.

imd_band TheIMDbandoftheplacewherethelearnerlivedduringthe
course.

age_band Abandoflearner’sage.

num_of_prev_attempts Thenumberofhowmanytimesthelearnerhasattemptedthis
course.

studied_credit Thenumberofcreditsforthemodules,whichthelearneris
currentlystudying.

disability Thedisabilityofthelearner.

final_result Thelearner’sfinalresultinthemodule-presentation.

VLE id_site Theidentificationnumberofthelearningmaterial.

activity_type Theroleassociatedwiththelearningmaterial.

week_from Theweekfromwhichthelearningmaterialisplanned.

week_to Theweekuntilwhichthelearningmaterialisplanned.

StudentVLE date Thedayoflearner’sinteractionwiththelearningmaterial.

sum_click Thenumberoftimesthelearnerinteractedwiththelearning
material.

Assessment id_assessment Theassessmentidentificationnumber.

assessment_type Thetypeofassessment.

date Thecut-offdayoftheassessment.

weight Theweightoftheassessment.Theweightoftheexamisequalto
100%;thesumofallotherassessmentsisalso100%.

Student_Assessment date_submitted Thedayofassessmentsubmission.

is_banked Thestatusofanassessment,whohasbeentransferredfroma
previousModule-presentation

score Thelearner’sscoreintheassessment.

Course code_module Themoduleidentificationnumber.

code_presentation Thepresentationidentificationnumber.

length Thedurationofthecourseindaysfrommodulestartdateto
moduleenddate.

Student_Registration date_registration Thedayoflearner’sregistrationforthemodule-presentation.

Date_unregistration Thedayoflearnerwithdrawnsfromthemodule-presentation.
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• CoursecontentactivitiesincludesbrowsingthetypeofactivitieslikeResource,Url,Content
(Oucontent),Page, Subpage,etc.

• Evaluationactivitiesincludequizzes,questionnairesandexternal quizzes.

Infact,eachlearnerisattachedtotheirinteractions(totalnumberofclicks)respectingthefour
categories.

Subsequently,weproceedtocomputethelearners’scoresperassessment.Theoriginaldataset
explicitlyincludesboththescoreandtheweightofeachassessment.Therefore,wecomputethe
weightedaveragescoreforeachlearners.

Finally,weobtainadatasetcomposedof27featuresand1303instances.Intheremainingofthis
paper,wewillusethetermsfeatures,attributesanddescriptorsfordesignatingthesameentities.We
alsousetheterminstancesfordesignatingtherecords(i.e.thelearnersinthedataset).

4.2. Rules-Based data discretization
Performingadiscretizationofsomenumericalvaluesisnecessarytoenlargethecomprehensibility
andinterpretation.Discretizationdividesthenumericaldataintocategoricalclassesthataremoreuser-
friendlyfortheinstructorthanprecisemagnitudesandranges(Romero,etal.,2008).Theprocessof
transformingthecontinuous/numericalvaluesintoafinitesetofintervalsiscalledthediscretization.
Itisusefulinmanydataminingtechniquesbecauseitreducestheimpactofdatanoise.Evensome
techniquesimperativelyrequirediscretedatainordertoproducetheiroutput.

ForOULADdataset,thelearneragevalueisdividedwiththreeinterval(youngageifthevalue
islowerthan35years;middleageifthevalueishigherorequalto35yearsandlowerthan55years;
seniorageifthevalueishigherorequalto55years).

Figure 2. A withdrawal predictive model for OULAD
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Inthisstudy,thetargetclassisthefinalresult(final_resultattributefromthelearner-infotable)
achievedbythelearner.Asmentionedpreviously,wedealwiththedropoutpredictionasabinary
classificationproblem.Wedividethetargetclassintotwovalues:withdrawalandcompletion.A
learnerswhocompleted thecourse,has“Distinction”or“Pass”or“Fail”asa final resultvalue.
Otherwise,learnerwhodidnotfinishthecoursehas“Withdrawn”asafinalresultvalue.

4.3. data Balancing
Aswementionedpreviously,weresorttoMachineLearningalgorithmsforthewithdrawalprediction.
Mostoflearningsystemsusuallyassumethattrainingsetsusedforlearningsteparebalanced.Many
researcherslike(Batista,etal.,2004)provedthatthisisnotalwaysthecaseinrealworlddatawhere
oneclassrepresentsacircumscribedconcept,whiletheotherclassrepresentsthecounterpartofthat
concept.Thisisknownastheclassunbalanceproblemandisoftenreportedasanobstacletothe
inductionofgoodclassifiersbyMachineLearningmodels(Batista,etal.,2004).Whenamodelis
trainedonanunbalanceddataset,ittendstorevealastrongbiastothemajorityclass,sinceclassic
MachineLearningalgorithmsintendtomaximizetheoverallpredictionaccuracy.Inductiveclassifiers
aredesignedtominimizeerrorsoverthetraininginstances,whileMachineLearningalgorithms,
canneglectclassescontainingfewinstances(i.e.Minorityclass)(Bekkar&Alitouche,2013).It
convenestonotethat,inourselectionofOULAD,thelearners’successrateisequalto37%.Those
percentagesarehighlightedinFigure3.Aswecansee,thedatalabelsareveryunbalanced.Toobtain
ageneralizedpredictivemodel,theuseddatashouldpresentapproximatelyequivalentdistribution
oftheclasslabels.Otherwise,theobtainedmodelmisleadsthepredictions.

Inrecentyears,therehavebeenseveralattemptsatdealingwiththeclassunbalanceproblemin
thefieldofDataMiningandKnowledgeDiscoveryinDatabases,towhichMachineLearningisa
substantialcontributor.Inthecontextofourstudy,weusedtheSyntheticMinorityOver-sampling
method(SMOTE),which isanadvancedmethodofover-sampling,proposedby(Chawla,etal.,
2002).ItisavailableinWeka3environmentasasuperviseddatafilter.Theprincipleofthismethod
istogeneratenewobservationsintheminorityclassbyinterpolatingtheexistingones(Bekkar&
Alitouche,2013).Recentstudieslike(Fernandez,etal.,2018)and(Dimic,etal.,2019)provedthat
thesimplicityofSMOTEalgorithmandtheabilitytoapplyittodifferentproblemsmakethismethod
astandardintheprocessoflearningfromunbalanceddata.

Figure 3. Distribution of learners’ result in the course “DDD2013B”
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5. PRoPoSed INdICAToRS

Aswementionedpreviouslythat,itisnecessarytogetthroughmoretransformationtoextractameta-
knowledge(i.e.indicator)oftheobservationstraces.Thesemanticaspectbehindtheindicatorshasan
importantimpactontheextractedknowledge’qualityfromtherawdata.Thewithdrawalpredictive
modelusingsuchtypeofinformationbecomesmoreunderstandablefortheeducationalinstitution.
Throughoutourstudy,wehaveclassifiedtheindicatorsintothreeclass:demographic,behavioural
andperformanceindicators.

5.1. demographic Indicators
Asthenameimplies thedemographic indicatorsexplicit informationabout the learners’social /
personalbackground.Undeniably, theyhavean important roleon the learningexperience in the
contextofVLE(Qiu,etal.,2016).Inourcontext,weconsiderthefollowingfeatures:

• Gender:thelearner’sgender;
• Age:thelearner’sage,whichisdividedintothreeclasses:“young”,“middle”and“senior”;
• Highest education level:his learnereducationdegreebefore registering for thecourse. It is

dividedintofourlevel:“ALevelorEquivalent”,”HEQualification”,”LowerThanALevel”,
“NoFormalquals”and“PostGraduateQualification”;

• Region:thegeographicregion,wherethelearnerlived;
• Number of previous attempts:thenumberofhowmanytimesthelearnerhasattemptedthecourse;
• Disability:thedisability,whetherthelearnerhasdeclared.

5.2. Behavioural Indicators
Inthissection,weidentifythesemanticalissuesofrawdatabyintroducingameta-modelofthe
learners’tracesobservations.Weintroducefourbehaviouralindicators,suchastheperseverance,the
autonomy,thecommitment,andthemotivation.

5.2.1 Autonomy Indicator
Manyresearchershavetriedtodefinethelearnerautonomy,resultingininter-relateddefinitions.The
learningautonomyisdefinedin(Tran&Duong,2018)as“aself-managementinvolvingdecision-
makingabilitiesthatalearnerneedstopossess”.Thatis,autonomycanbeunderstoodasthelearner
capacitytocontroltheirownlearningandmanageitinaself-reliantwaybycreatingalearningplan,
byfindingresourcesthatsupportstudyandbyself-evaluating”(Fotiadou,etal.,2017).Byanalogy
tothiscontext,werefertothelearnerautonomybythenavigationfrequencywithintheVLE;itis
calculatedbythenumberofvisitedlearningmaterials,asfollows:

Autonomy nbConsultation L site
L

i

k

k
= ( )

=
∑

1

_ 

with:

• k:thenumberofpagesvisitedbythelearnerL,duringthelearningcourse.
• nbConsultations_L(sitek):theconsultations’numberofagivenlearningmaterial(sitek)made

bythelearnerL.
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5.2.2. Perseverance Indicator
Researchershaveusedvarioustermstodefinetheperseveranceincluding“retention”,“persistence”,
and“retention”.Thosetermsandtheirdefinitionsarevarious.Accordingto(Farrington,etal.,2012),
theperseverancedenotethebehaviourofbeingengaged,focusedandpersistentinpursuitoflearning
goalswithintheMOOCsetting.Intheworkdoneby(Ammor,etal.,2013),theperseveranceisdefined
bythetimetakenonstudyingduringthelearningsession.Otherscholarsdefinedtheconceptasthe
persistencewiththevariousactivitiesinsidethecoursethatultimatelyresultsinachievementofalarger
goal(Warriem,etal.,2016).Fromthesedefinitions,wecombinedthetemporalengagementaspect
withaspecifictypeoflearningactivitiesfordescribingthelearner’sperseverance.Itiscalculatedby
thenumberofassessmentsproperlysubmittedbythelearnerbeforethecut-offdayofsubmission:

Perseverance
submittedAssessnment

total of AssessmentL
i

n

= =∑ 1

  ss


with:

• n: thenumberof assessmentsproperly submittedby the learnerL before thecut-offdayof
submission.

• Total of Assessments:thetotalnumberofassessmentsbelongsthecourse.Inourcase,thiscourse
providesseventutor-markedassessments,sixcomputer-markedassessmentsandoneexam.

5.2.3. Commitment Indicator
Commitment(a.k.aEngagement)referstothelearner’spsychologicalinvestment,hiswillingness,
andhisinvolvementintheeducationalactivities(York,etal.,2015).Thisconceptcannotbeeasily
determined,butratheritcanbeinferredbyinterpretingbehavioralpatterns,whichindicatelearner’s
levelandtypeofinvolvement(Ramesh,etal.,2013).In(Beer,etal.,2010),theauthorsdescribed
the learning commitment as a blend of a distinct elements’ number including active learning,
collaborativelearning,formativecommunicationwithacademicstaff,participationinchallenging
academicactivitiesandinvolvementinenrichingeducationalexperiences.Wefollowthisintuition,we
distinguishbetweendifferenttypesofcommitment,andhowtheyrelatetodifferentactivitiespatterns.
Wedivided thecommitmentaspect into fourcategoriesaccording toourpreviouslycategorized
learningactivities(See.Section3.a).Therefore,wedistinguish:

• Collaborative commitment:thisconceptisdefinedasanattitudethatexpressesthewillingness
ofatransmittertosharehis/herownknowledgewiththeotheractorsintheVLE(Bouzayane&
Saad,2017).Itincludethevoluntaryparticipationinthediscussionforumsandthecollaborative
platforms.

• Course structure commitment: many researchers proved that the course structure has a big
impact toestimate the learnerengagementwithin theVLE.For instance,Alshabandaretal.
(Alshabandar,etal.,2018)pointedoutthatthelearnerwhoaccesstothehomepageofacourse,
incurrentweekstheywillcontinuetointeractwiththecourseinthenextweek.Otherwise,if
thelearnerfailtofrequentlyaccesswithinthehomepageofthecourse,theprobabilityofthe
learnerdropoutisincreased(Wang&Chen,2016).

• Course content commitment: thisindicatorrefertothelearnerengagementwiththelearning
contentdeliveredwhichcanbealecturesnotes,books,lectureslidesandothercoursesmaterials
deliveredviahypertextmarkuplanguage(HTML),PDFs,andlectureformat.
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• Evaluation activities commitment:Manyresearchersprovedthebenefitsoftests,quizzesand
assessments tobotheducatorsandlearners.Quizzesaremeant totrack,report,andevaluate
learningprogressandoutcomes.

Eachcommitmentindicatoriscalculatedbythesumofclicks(interaction)madebythelearner
ineachsiteaccordingtothetypeofcommitmentactivity:

Commitment sumclick site
L C

i

n

j

m

i j−
= =

= ∑∑
1 1

( )
,



with:

• n:totalnumberoflearningactivitytypesbelongingagivencommitmentcategoryC;Forexample,
thecollaborativecategoryhasexactlyfouractivitytype:Forumng, Ouwiki, Oucollaborateand
Ouelluminate.

• m:totalnumberofsitesperlearningactivitytypei;
• sum_click(sitei,j):sumofclicksmadebythelearnerL(attributesum_clicksfromtableStudent_

VLE)on thesite j,which isbelonging toa learningactivity type i andagivenengagement
categoryC.

5.2.4. Motivation Indicator
Thedetectionofunmotivatedlearnersduringthecoursecouldbringtheteachertochoosetheright
momentandtoolsforaconstructiveintervention,e.g.throughcreatingweeklyexercises,orinitialize
furtherinvestigationsonthereasonsoflowactivity(Dyckhoff,etal.,2012).Thus,inordertoidentify
themotivationindicator,wecalculateforeachlearner,thesumofallhisorherinteractions(sum-
clicks)madeintheVLE(sitej):

Motivation sumclick site
L

j

m

j
= ( )

=
∑

1



with:

• m:totalnumberofsitesvisitedbythelearnerL;
• sum_click(sitej):sumofclicksmadebythelearnerL(attributesum_clicksfromtableStudent_

VLE)onthesitej.

Alearnerisdefinedtobe“motivated”,if thesumofall their interactionsishigherorequal
thantheaverageofthelearners’interactions.Otherwise,thelearnerisconsideredas“unmotivated”.

5.3. Performance Indicator
Itiscalculatedbythesumoftheassessments’scoresobtainedbythelearnerL.Atthislevel,itis
convenienttodistinguishbetweentheevaluationactivitiescommitmentandtheperformanceindicator.
Theformertracksthelearner’sbrowsingactions,whilethelattertracksthelearner’sscoreonthe
course’sscoredactivities.

In our case, this course provides seven tutor-marked assessments, six computer-marked
assessmentsandoneexam.Thenumberofassessmentsandtheirweightsvaryfrommoduletomodule:
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Performance weight score
L

i

p

i
= ×

=
∑

1



with:

• p:totalnumberofassessments
• Weight i:theweightoftheassessmenti

6. K-MeANS-BASed dATA dISCReTIZING

Firstly,wecomputethevaluesoftheindicatorsaccordingtothepreviouslystatedformulas.Indeed,
theobtainedvaluesarenumericandtheyaredefinedoverdifferentintervals(e.g.theperseverance
indicatorrangesfrom0to0.725andtheautonomyindicatorrangesfrom0to2683).Anumerical
indicator’svalueremainsmeaninglessaccordingtotheinstructors.Accordingly,weproceedtothe
discretizationstep.Itmeanstransformingarangeofnumeric(quantitative)valuesintoafinitesetof
non-numeric(qualitative)values.

Severaldiscretizationmethods exist in the literature.Some solutionsdefine thresholds (e.g.
theaverage)tocutthefeature’sintervalofvaluesintoafinitenumberofsubintervals(bins).These
methodsusuallyaimatobtainingsubintervalswiththesamewidthorsubintervalswiththesamecount
ofinstances(i.e.learners).Othersolutionsusetheclusteringmethods(e.g.hierarchicalalgorithm)
forgroupingtheextremelysimilarvalues into thesamelabel.Althoughthesemethodsaremore
intelligent,theydependonthenumberofpossiblesubintervals.

Therefore, we proceed to discretizing all the numeric values of the indicators by adopting
K-means(MacQueenetal.,1967).Thek-meansclusteringmethodremainsoneofthemostpopular
clusteringmethodandthemostinfluentialdataminingalgorithmsintheresearchcommunity.This
method,whichareunsupervisedandstatic,havebeenwidelyusedintheliteratureforthediscretising
process:Seeforexample(Tahir,etal.,2016)and(Hmamouche,etal.,2015).Thismethodisavailable
inWekaenvironment.

TheK-means-baseddatadiscretizingprocess(See.Figure4)followsthesethreesteps:

1. ApplyK-meansontheindicator’scorrespondingfeatures,inthedataset.Here,setthenumber
ofclusterstothevalue2(bins=2);

2. Computethe“within”scorebetweentheobtainedsubintervalsastheaverageofthevariance
betweeneachsubinterval’smembers;

3. Repeatsteps1and2fordifferentbins(from2to10).

Normally,theloweristhewithinscore,thebetteristhenumberofbins.However,choosinga
veryhighnumberofbinsmaynegativelyaffectthepredictionprocess;thisistechnicallycalledthe
“overfitting”.Consequently,weoptforsmallervaluesinordertoensureageneralizedpredictivemodel.
Toensureaminimizedlossofinformationthroughthediscretization,weusetheelbowmethodin
ordertoproducetheoptimalnumberofbinsforeachindicator.WepresentinFigure4,thevariation
ofthewithinscoreofalltheindicatorsthroughoutdifferentcountsofbins.

ConsideringthecurvesthatcorrespondtoAutonomyindicator,Evaluationactivitiescommitment
indicatorandPerformanceindicator,weremarkthatthewithinscoredecreaseisverydramaticfrom
bins=2 tobins=3.Contrariwise, thedecreaseof thewithinscorebetweenbins=3andbins=4 is
relativelysmall.Therefore,wechose3astheinputofk-meansalgorithmfortheseindicators.As
forPerseveranceandCollaborativeindicators,weremarkthattheircorrespondingcurves’elbows
arepresent intwovalues(3and5andrespectively3and6).Inthiscase,wesolvethis issueby
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Figure 4. The variation of the within score of all the indicators throughout different counts of bins
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adoptingourmainassumption:selectthesimplestrepresentation.Hence,wechoosebins=3forboth
indicators.ForthecurvesthatcorrespondtoStructurecontentcommitmentindicatorandLearning
contentcommitmentindicator,weremarkthatlargenumbersofbinsdonotobviouslyenhancethe
withinscore.Forthesecases,weoptforthesmallestcountofsubintervals(bins=2).Followingthis
demarche,wecalltheobtainedbins’sets{low,medium,high}for3-binnedindicatorsand{low,
high}for2-binnedindicators.

7. PRedICTIVe ANALySIS

Oncethepre-processing,indicators’computingandpreparingstepswereperformed,weaimatfinding
theclassifierthatensuresthebestwithdrawalpredictionmodel.Theobtaineddatasetiscomposedby
15features(seeTable2)and1303rows.Theserowsdividethelearnersintotwoclasses(withdrawal
andcompletion).

ForminingOULADdataset,weperformasetofexperimentswhileusingdifferentpredictive
models,accordinglydifferentalgorithms.WeusedWekaforcreatingthefollowingmodels:

• Decisiontree:weappliedJ48(Quinlan,1993)andRandomforest(Breiman,2001)forlearning
twodifferentdecisiontreemodels.

• SupportVectorMachine(SVM)(Suykens&Vandewalle,1999):wesetthecostto1,gamma
to0andlossto0.1.

• Artificial Neural Network: we used the Multilayer Perceptron (Ruck, et al., 1990) with an
automaticsetofhiddenlayers.Wesetthelearningrateto0.3andthemomentumto0.2.

• Bayesianclassifier:weusedtheTreeAugmentedNaiveBayes(TAN)algorithmcombinedwith
K2score(Friedman,etal.,1997).

Asthepredictivemodelsareobtainedbythesupervisedalgorithms(i.e.supervisedmachine
learning),weproposetoassesstheirreliabilitybyadoptinga5-foldedcrossvalidationroutine.
Firstly,thedatasetisequallypartitionedintofiveequalornearlyequalfolds.Onthesepartitioned
folds,trainingandtestingphasesisdoneinfiveiterationssuchthatineachiteration,weleave
onefoldfortestingphaseandtrainthemodelontheremainingfourfolds.Theaccuracyobtained
ineachiterationisthenaveragedtogetthemodelaccuracy.Animportantthingtonoteisthat
datasetiscommonlystratifiedbeforebeingsplitintofivefolds.Stratificationistheprocessof
rearrangingdatainsuchawaythateachfoldisagoodrepresentativeofthewhole(Yadav&
Shukla,2016).

Additionally,thepredictiveratedoesnotgiveafaithfulassessmentofthepredictivemodel.Thus,
weproposetousetheF-measureforevaluatingtheobtainedmodels.TheF-measureisdefinedasthe
weightedharmonicmeanofthePrecisionandRecall.Itiscomputedasfollows:

Table 2. The features’ categorization

Category Features

Demography Age;Region;Highesteducationlevel;Gender;Numberofpreviousattempts;disability.

Behaviour Autonomy;Perseverance;Collaborativecommitment;Coursestructurecommitment;Coursecontent
commitment;Evaluationactivitiescommitment;Motivation.

Performance Performance

Class withdrawal/completion
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F-measure=2× ×
+

Recall Precsion

Recall Precision

� �

� �


where:

Recall= TP

TP FN  +


and:

Precision= TP

TP FP  +


where:

TP(TruePositives)=thenumberoflearnerswithlabelcompletionwhowerepredictedasthe
labelcompletion

FP(FalsePositives)=thenumberoflearnerswithlabelwithdrawalwhowerepredictedasthe
labelcompletion

FN(FalseNegatives)=thenumberoflearnerswithlabelcompletionwhowerepredictedasthe
labelwithdrawal

Weenhancetheexperimentsinordertospotifytheadvantagesofourmethodologicalchoices(i.e.
thedatabalancingimpact,thedatadiscretizationimpact,andthebehaviouralindicators’extraction
motivation).Toassessitsusefulness,weproposetoconductacomparativestudy.Wechoosethe
originalpre-processeddataset(datasetwithoutindicators:26features),thenon-discretizeddataset
(datasetwithcontinuousvalueswithindicators:15features)asthebaselinedataandthediscretized
dataset(datasetwithdiscreteindicators:15features).Wereport,inTable3,theobtainedF-measureof
allthepredictivealgorithmsappliedonthethreeabove-mentioneddatasets.Notethatweconsidered
thecasesofbalancedandunbalanceddata.

Firstly,weobservethatthedatabalancinghasaremarkableroleonenhancingthepredictive
performanceofthemodels.Forthebalanceddatasets’experimentations,theF-measurerangesfrom
0.655toashighas0.853(seethefourthcolumnofTable3).However,allclassifiermodelsbased
onunbalanceddataobtainthelowestF-measurevalues,rangingovervalues0.595to0.796(seethe
firstcolumnofTable3).Therefore,thedata-balancingstepshowsacrucialroleforguidingallthe
predictivemodelstowardsareliablemodule.Thedatabalancingwasremarkableespeciallyforthe
datasetwithdiscreteindicators,wheretheclassifiersachievethehighestF-measure,yieldingvalues
of0.836and0.853,respectively.

Secondly,weremarkthattheintroductionofameta-modelofthelearners’featuresenhance
theperformanceofalltheconsideredclassifiers.Fortheexperimentationsmadeontheunbalanced
datasets,theresultsshowthattheJ48achieveanaveragescoreF-measure0.796,whereastheRandom
Forest,MLPClassifier,BayesianClassifier,andSVMClassifierachieve0.792,0.762,0.785,and
0.595,respectively(seethesecondcolumnofTable3).AlthoughtheRandomForestClassifierpicks
thehighestF-measureforthebalanceddataset,withaveragevalueof0.842,(seethefifthcolumnof
Table3).Nevertheless,theimpactofthedatasets’balancingandbehaviouralindicators’extraction
processes’,wenotethattheSVMClassifierremainstheworstresult.Therefore,weconcludethatthe
useoftherawfeaturesmisleadstheprediction.Notonlyahighernumberofattributescomplicates
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themodelcreation,butalsodecreases theperformance.The indicators’extractionare important
step onpre-processing. On theonehand, they summarize theoriginal features into smaller, yet
representative,setofattribute.Ontheotherhand,theyprovideanoverviewontheimpactofeach
learner’sbehaviouralaspectonthewithdrawal/completion.

Thirdly,weobservethatthediscretizationhasnotremarkablyenhancetheF-measureforall
theclassifiers(seethelasttwocolumnsofTable3).Nevertheless,allthepredictivemodelsobtain
aviableperformancevalues,rangingovervalues0.836to0.853.Wenotethatthisprocedurehas
asignificant impactespeciallyfor theSVMclassifier,yieldingavalueof0.841.Conversely, the
BayesianandMLPclassifierswithavalueof0.836getthelowestrangeofF-measure.Although
thediscretizationslightlyenhancesthewithdrawalpredictability,iteasestheinterpretationofthe
obtainedpredictivemodel.

Tosumup,eachexperimentationwemadeonOULADdatasetsturnedouttobeverypositive.
Weconcludethatthedecisiontreesarethebestmodelsforpredictingthelearners’completion.The
empiricalresultsshowthatthehighestF-MeasureisacquiredbytheRandomForestfollowedbyJ48,
withvaluesof0.853,0.844respectively.Thesepredictivemodelsareknownfortheiruser-friendly
graphicalrepresentation;thenodescontaintestsaboutthefeaturesofthedataset,andtheterminal
nodesreflectthedecisionoutcomes(completionandwithdrawal).

8. CoNCLUSIoN ANd PeRSPeCTIVeS

Anearlypredictionoflearnersat-riskdoesnotonlysupportlearners,instructors,course’sdesigners
and pedagogues, but also researchers and developers in design interventions to hearten course
completionbeforealearnerfallstoofarbehind.ThispaperdescribedaDataMiningframeworkfor
withdrawalpredictionofat-risklearnersandillustratedtheeffectivenessofthemethodbyapplying
themethodologytotheOpenUniversityLearningAnalyticDataset.Westartedbyformattingthe
datainasuitableformfortheminingstep.Secondly,weidentifiedthesemanticalissuesofrawdata
byintroducingameta-modelofthelearners’tracesobservations.Weintroducedfourbehavioural
indicators,suchastheperseverance,theautonomy,thecommitment,andthemotivation.Moreover,
weconsideredthedemographicandtheperformancefeatures,whichcoverallthelearners’individual
differences.Then,weemployedtheSMOTEalgorithmtotackletheunbalanceddataissue.Additionally,

Table 3. F-measure of compared predictive models

ML 
Algorithms

Dataset

Unbalanced Dataset Balanced Data

Dataset 
Without 

Indicators

Dataset With 
Numeric 

Indicators

Dataset With 
Discrete 

Indicators

Dataset 
Without 

Indicators

Dataset With 
Numeric 

Indicators

Dataset With 
Discrete 

Indicators

Decisiontree
(J48) 0.794 0.796 0.789 0.823 0.836 0.844

Random
Forest 0.775 0.792 0.754 0.824 0.842 0.853

Bayesian
classifier
(TAN)

0.798 0.785 0.791 0.829 0.829 0.836

SVM
classifier 0.595 0.595 0.796 0.659 0.655 0.841

MLPclassifier 0.762 0.786 0.755 0.801 0.822 0.836



International Journal of Web-Based Learning and Teaching Technologies
Volume 16 • Issue 2 • March-April 2021

48

weproceededforthediscretizationprocessforallthenumericvaluesbyapplyingasetofrulesorby
adoptingtheK-meansalgorithm.Finally,wehaveappliedseveralmachine-learningalgorithmsfor
thewithdrawalpredictionmodel,suchasDecisiontrees,Randomforest,SVM,Bayesianclassifier
andMLPclassifier.Experimentalresultsshowedthatthedatabalancinganddiscretizationprocesses
hadbeengreatlyimprovedthewithdrawalpredictabilitytask,butespeciallythedecisiontreeexhibit
betterpredictiveperformanceintermsoftheF-measurevaluecomparedtotheothertestedmodels.

While the results in thispaper arepromisingand interesting, there are still some important
futuredirectionsfromaneducationresearchperspective.Firstly,inordertogeneralizeontheresult
obtained,moreexecutionsmustbackedupbyusingmoredatafromotheronlinelearningcourses
fromavarietyofacademicdisciplines.ExtensionsarealsopossiblewithothertypesofMachine
Learningtechniques,whichcanbeexaminedindividuallyorincombinedform,whereforcombined
form,differentleveloffusions(suchasclassifier,feature,ordecision)canbeapplied.Furthermore,
weplantotacklethefeatures’selectionchallengeforcompressingthedataprocessingscale,where
theredundantandirrelevantfeatureswillberemoved.Thefeatureselectiontechniquecanpre-process
MachineLearningalgorithms,andgoodfeatureselectionresultscan improve learningaccuracy,
reducelearningtime,andsimplifythecomplexityofthepredictivemodels.Furtherresearchcanbe
conductedbythedevelopmentofareal-timelearninganalyticsdashboard,whichhelpsthecourse
instructors to acquire up-to-date predictions about learners’ commitment and to make accurate
decisionsaboutstrugglinglearners’.Ontheotherhand,thisreal-timefeedbackallowslearnersto
studymorestrategicallyastheycaneasilyvisualizetheirprogressandtheirknowledgegapsand
knowwheretheyshouldspendtheirtimetoimprovetheircontentmastery.
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