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ABSTRACT

Althoughgraduationrateshaveinterestedstakeholders,educationalresearchers,andpolicymakers
forsometime,littleprogresshasbeenmadeontheoverallgraduationrateatfour-yearstatecolleges.
EventhoughselectiveadmissionbasedonacademicindicatorssuchashighschoolGPAandACT/
SAThavewidelybeenusedintheUSAforyears,andrecentstatisticsshowthatlessthan40%of
studentsgraduatefromfour-yearstatecollegesinfouryearsintheUS.Theauthorsproposeusingan
ensembleofanalyticmodelsthatconsiderscostasabetterformofanalysisthatcanbeusedasinput
todecisionsupportsystemstoinformdecisionmakersandhelpthemchooseinterventionmethods.
Thisarticleusestenyearsofdatafor10,000studentsandappliestenanalyticalmodelstofindthe
bestpredictorofat-riskstudents.Thisresearchalsousesthereceiveroperatingcharacteristiccurve
tohelpdeterminethemostcost-effectivetrade-offbetweenfalsepositiveandfalsenegativelevels.

KEYwORDS
Boosted Tree, Bootstrap Forest, Decision Support System, Decision Tree, Ensemble Models, Graduation Rate, 
Neural Network, Predictive Models

INTRODUCTION

Government reporting and the funding mechanisms for higher education have been through a
transformationfrom“completeinputbasedsystemstotheadaptionofmorecompetitiveoutcome
based approaches” (Alexander, 2000, p.2), andgovernment interest inperformance funding and
budgeting for higher education has substantially increased in OECD nations (Alexander, 2000;
Brennan,1999;Schmidtlein,1999).Politicalleadersinthesecountrieshaverealizedthattostrengthen
thecompetitivenessoftheirconstituentstheymustincreasetheirinvolvementinthedevelopment
ofhumancapital,specificallyinhighereducation(Alexander,2000).Thiseconomicmotivationis
energizingstatestoreassesstheirrelationshipswithhighereducation,pressuringinstitutionstobecome
moreaccountable,moreefficientandmoreproductiveintheuseofpubliclygeneratedresources
(Alexander,2000).Thus,accountability incollegeeducationhasbecomea focalpointofpublic
debate(Alexander,2000;Baileyetal.,2006;Huisman&Currie,2004;Keams,1998;Elton,1998;
Kitagawa,2003;Dill,1999).Further,inWesternEuropestudentenrollmentinhighereducationhas
risenbyapproximately1/3sincetheearly1980s,butexpenditureasapercentageofthenationalGDP
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percapitadeclinedduringthesameperiod(Alexander,2000).MorerecentlyintheUnitedStates,
statescutpublicfunding20%onaverageoverthepastfiveyearsandforty-sevenoutof50states
werespendinglessperstudentinthe2014/15schoolyearthantheydidatthestartoftherecession
(Mitchell&Leachman,2015).

Whilemeasuresof learningoutcomehavebeenusedextensively foraccreditationpurposes,
retentionandgraduationratesareconsideredkeyperformanceindicatorsbycollegeadministrators
(Talbert,2012;Lau,2003;Astin,1997).Retentionandgraduationrateshavebeenimplementedin
somestates’lawstoassessinstitutionaleffectiveness(Jakiel,2011)andhavebeenusedinnational
andinternationalrankingsforsometime.Therearemanyargumentsinfavorofusinggraduationrates
asametrictoevaluatecolleges.AccordingtotheU.S.LaborStatisticspublishedfor2014(Mayer-
Schonberger&Cukier,2014),astudentwhograduateswithabachelor’sdegreeearnsonaverage
1.4timesmoreandhasa2.5percentagepointlowerunemploymentratethanastudentwhodrops
outofcollege.Lowgraduationratesaffectboththestudentswhopaytuitionlongerthannecessary
andthuscouldearnmoneyinsteadandsocietyasawhole,whichfundspublicuniversitiesthrough
taxes.Whilemostcollegecurriculaforabachelor’sdegreearedesignedtobecompletedinfouryears,
lessthan31.9%ofallstudentsgraduatedwithinfouryearsatpublicuniversitiesintheUnitedStates
accordingtothelatestpublishedstatistics(ACT,2014).Accordingtothesestatistics,thesix-year
graduationrateatpubliccollegesintheUSwas56%in2014.Usinggraduationratesasametric
maybeopentocritiquewhenusedtocompareuniversitiesbecausetheydonotdifferentiatebetween
differenttypesofstudents.Forinstance,urbanuniversitiesoftenhavenon-traditionalstudentswho
takeclasseswhileholdingdownajob.Nevertheless,graduationratesarewidelyusedasaperformance
metricofcollegesandhavebeenincludedasakeymetricinthecollegescorecardbytheDepartment
ofEducation(USDOE).

Giventhelargenumberofstudentsandconstrainedbudgets,adecisionsupportsystem(DSS)
wouldbeausefultoolforfacultyandadministratorstousetoidentifystudentswhomaybeatrisk
ofcompletingtheirdegree.Thispaperanalyzesavailablestudentdataincludingbothdatausedin
applyingtotheuniversityanddataonperformanceattheuniversitytobuildananalyticmodelthat
wouldidentifyat-riskstudentsandcouldbeincorporatedintoaDSS.

Theremainderofthepaperisorganizedasfollows.Section2reviewstheliteratureonthesubject
of graduation rates to provide the domain knowledge for our case. Section 3 describes the data
preparationandmodelingaspects.Section4closeswithrecommendationsregardingtheapplication
oftheDSStoincreasegraduationrates.

LITERATURE

Graduationandretentionrateshavebeenthefocusofresearchers(Tinto,1975;Cabreraetal.,1992;
Braxton,Hirschy,&McClendon,2003)forsometime,andstudentretentioncontinuestobeadifficult
problem(Talbert,2012;Lau,2003).Althoughmanycampuseshavefocusedonincreasingretention
andgraduationrateslargelybecauseofexternalreasons(rankings,e.g.,U.S.News&WorldReport),
veryfewassessmentsofcampusretentioninitiativesexistandevidenceisthusscarceastowhether
theseinitiativesareeffective(Hossleretal.,2008).Thisispartlyduetotheslowadoptionofadvanced
datamanagementsystemsbycolleges.However,inrecentyears,asnew,lowcostanalyticsolutions
havebecomeavailable,therehasbeenagrowinginterestinusinganalyticstogainbetterandtimely
insightintowhatdrivesstudentretentionandtoallowforthetrackingoftheeffectsofnewinitiatives
(Pirani&Albrecht),specificallyofhigh-riskstudents(Talbert,2012).At-riskstudentscanbeidentified
earlyandassistedtopreventdropout(Singell&Waddell,2010).Furthermore,awell-designedDSS
systemcanbeusedtoidentifystudentsatriskofdroppingoutofcollegeandcanthereforeallow
forearlycorrectiveactionstobetakentoincreasestudentretentionandsubsequentgraduationrates
(Campbell, DeBiois & Oblinger; Campbell, Diana & Oblinger, 2007). As new technologies are
adoptedandavailabledatagrowlarger,morecomplexmodelscanbeaddedtomonitorandpredict
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studentsuccess.Bothpre-collegefactorsandin-collegefactorsaffectgraduationrates,butthereisa
differenceintheusage.Whilepre-collegefactorsareusedforselectiveadmission,in-collegefactors
aretimelydependentandareusedformeasuringthestudent’sprogresstowardsgraduation.Asa
rule,ifcollegestudentsfailclasses,theyneedtotakecoursesoutoftherecommendedsequenceand
changetheircurriculum.TheultimateroleofaDSSsystemistoprovideadministratorswithtools
forcorrectiveactionsthatcanbetakentobringthestudentbackontracktograduationatanytime
duringthestudent’slifecycleatacollege.

Pre-collegefactorsincludeacademicfactorssuchasHighSchoolGPAandACTassessment
scoresaswellasnon-academicfactorssuchassocioeconomicstatus,self-confidence,achievement
motivation,andacademicgoalorientation,whichattempttomeasurepersonaltraits.Academicfactors
havebeenshowntobeimportantforcollegesuccessandhavebeenwidelyadoptedforselective
admission(Schnell,Louis,&Doetkott,2003;DesJardins,Kim,&Rzonca,2003).Althoughresearch
showsthatbesidesacademicfactors,thesocioeconomicstatus,self-confidenceandmotivationfor
achievementalsoplayalargeroleinstudentsuccess(Lotkowski,Robins,&Noeth,2004), these
factorsaredifficultifnotimpossibletoevaluateduringtheadmissionprocess.

In-collegefactorsfallintotwocategories,thefactorsaffectinggraduationratesandthetiming
oftheeffectsofthesefactors,i.e.,inwhichsemesterarestudentsmostlikelytodropout.Themost
importantin-collegefactorisstudentperformancemeasuredbythecumulativegrade-pointaverage,
butgradesinindividualcoursesarealsorelevanttopredictdropout.Otherin-collegefactorssuchas
studentpersistenceandfamilyencouragementhavereceivedmuchattentionandhavebeenshownto
playasignificantroleinstudentretention(Hossleretal.,2008),butthesefactorsarehardtomeasure.
Despitethenumerousempiricalstudiestestingmodels,explainingretentionandgraduationrates,
andstudyingwaystoimprovethem,graduationratesatpubliccollegesarestillverylow.Therefore,
understandingthecapabilitiesofaDSSandknowinghowtoapplythemtostudentdataareimportant
stepstowarddevelopinganeffectiveprogramtoincreasegraduationrates.

METHODOLOGY

Inordertodevelopthebestpredictivemodel,thedatawascollectedfromthecollegeofbusiness
6.894undergraduatestudentswhoenteredbetweenfallof2007andfallof2016ataflagshipUS
publicUniversity.ThemaincomponentoftheDSSisapredictivemodelwhichisdifferentfrom
explanatorymodeling(Shmueli,2010).Thepurposeofpredictivemodelsistomakepredictionsfor
individuals.Predictivemodelshavebeensuccessfullyusedforavarietyofissuessuchaspredicting
creditcardfraud(Bhattacharyya,Tharakunnel,&Westland,2011),targetingcustomersinmarketing
(Yim&Street,2004)andbankruptcypredictions(WilsonandSharda,1994).Thereareanumber
ofpredictivemethodsavailableeachhavingadvantagesanddisadvantages(Shreve,Schneider,&
Soysal,2011).Inouranalysisweuseonlymethodsthatprovideaprobabilityfordropoutandhence
allowchangingthecut-offvaluetoobtaindesiredsolutions.Datamodelsstudentperformancecanbe
measuredatearlierorlaterpointsintheircollegecareer.Earliermeasurecangiveearlierindicators
ofat-riskstudentsandcouldbeacteduponsooner;however,earliermeasuresmighthavehigher
errorratesthanmeasurescollectedlater.Inourstudy,wecomparedpre-college,firstsemester,and
secondsemesterdatamodelstogaugethepredictiveaccuracyateachpointintime.Firstsemester
andsecondsemestermodelsarecumulative,includingdatafromtheprecedingmodels.

The pre-college model includes data collected during the admissions process including:
demographics,highschoolGPAandACTtestresults,whetherstudentswillliveoncampusornot,
informationaboutthetypeofhighschool,distancebetweenhomeandcampus,whethertheyare
Pellgrantrecipients,thenumberofcollegecreditstheyhavetakenandtheintendedmajor.Thefirst
semestermodeladdsbehavioralandgradedatafromthefirstsemestertothepre-collegemodel.The
secondsemestermodeladdsadditionalgradedataandcurriculumchoicetothefirstsemesterdata
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model.Sincestudentsenrolledinawiderangeofelectivecourses,onlyrequiredcourseswereused
tobeconsistentacrossstudents.ThedataitemsavailabletoeachmodelaresummarizedinTable1.

Theoverallobjectiveinthisstudyistoincreasegraduationrates,however,thegraduationrate
byitselfisnotasufficientmeasurethatprovidessupportfortimelydecisionmakingbecauseitis
assessedover4to6years.Thus,asinmanybusinessapplications,surrogatemeasuresareneeded
thataretimelyperformanceindicatorsforthefutureresultofatargetvariable.Inthispaper,student
dropoutinstancesduringeachofthefirsttwosemesterswereusedasthesurrogatemeasurebecause
theyaretimelyindicatorsoffinalgraduation.

Analytical Models
Studentretentioncanbemodeledusinglogisticregression(Singell&Waddell,2010;Dey&Astin,
1993).However,therearemanyotherpredictivealgorithmsavailablewhenpredictingratherthan
explainingistheobjective,someofwhichareincludedinstandardoff-the-shelfstatisticalsoftware
packages.Acomparisonofthemostcommonmethodsshowsthateachmethodhasadvantagesand
disadvantages(Shreve,Schneider,&Soysal,2011).Thetradeoffbetweenvariousmethodsinvolves

Table 1. Student predictors

Predictors Model

1 Gender Pre-College

2 Race

3 HighSchoolGPA

4 ACT

5 MathACT

6 Onoroffcampusliving

7 Highschooltype(public/private)

8 Highschoolenrolment

9 Homedistancefromcampus

10 Pellgrantrecipient

11 NumberofCollegecreditcoursestakeninhighschool

12 IntendedCollegeProgram/Major

13 Numberofcoursessignedupforinthefirstsemester

14 MembershipinGreekSociety FirstSemester

15 CumulativeGPA

16 GradeinAlgebra

17 GradeinCalculus

18 GradeinEconomics

19 GradeinInformationSystems

20 GradesinStatistics SecondSemester

21 GradeinAccounting

22 CurrentCurriculum



Journal of Organizational and End User Computing
Volume 32 • Issue 4 • October-December 2020

47

predictivepowerversusavailabilityofthemethodandcomputingtimeforthealgorithm.Weused
logisticregression,neuralnetwork,boostedneuralnetwork,bootstrapforest,boostedtreeandan
ensemblemodel.

Logistic Regression
Considerabinaryoutcomedenotedassuccess(positive)andnosuccess(negative).Letp(x)bethe
probabilityofsuccessgiventhecovariatesofavectorx.Modelingp(x)directlyusingaregression

Figure 1. Modeling process
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modelisproblematicbecausep(x)islimitedtotheinterval[0,1].Instead,thelogitmodelusesthe
logarithmoftheoddsofsuccessp(x)/(1-p(x))tobemodeledbyalinearfunctionofthecovariates.
Letxi,i=1,…,nbethecovariates,then

logit P x
p x

p x
x x

n( )



 =

( )
− ( )















= + + +…+ln * *

1 0 1 1 2 2
β β β β ** x

n
+ ε  (1)

Logisticregressioniswidelyusedinstatisticstoexplainwhethercovariatesaffectanoutcome
andassessthemagnitudeofthiseffect.Theparametersinthemodelhaveadirectinterpretation,
namelytheyrepresenttheoddsratioforunitchangesofxi.Forinstance,eβ1istheratiofortheoddsfor
successatx1=0andtheoddsforasuccessatx1=1.Inpredictiveanalytics,however,weareinterested
intheprobabilitieswhichcanbeexpressedas

P x
e

e

x x x

x x x

n n

n n
( ) =

+

+ + …+

+ + …+

β β β β

β β β β

0 1 1 2 2

0 1 1 2 21

* * *

* * *
 (2)

TheadvantageofLogisticRegression is that itprovidesan interpretationof theparameters.
However,logisticregressioncanleadtounstablemodelsespeciallywhenthereismulti-collinearity
(Shreve,Schneider,&Soysal,2011).

Neural Network
NeuralNetworkisapopularlearningalgorithmacrossvariousdisciplines(Pirietal.,2017).Itwas
foundedbyWarrenMcCullochin1943(McCullochetal.,1943).Aneuralnetworkisorganizedinto
threemainparts:theinputlayer,thehiddenlayers,andtheoutputlayer.Thecollectionof“neurons”
with“synapses” isused forconnecting the threemainparts.Theneurons,whichare thehidden
nodes,addtheoutputsfromallsynapsesandapplyanactivationfunction.TheSynapsestakethe
inputandmultiplythembyaweight.Weusedtwohiddenlayerswithfourhiddennodesinlayerone
andtwohiddennodesinlayertwo.Commonlyusedtransformationsincludethehyperbolictangent
function(e2x-1)/(e2x+1),thelinearfunctionandtheGaussianfunctionexp(-x2),wherexisalinear
combinationofthevariablesleadingintothenode(Huangetal.,2004).Severaldifferentlayersand
nodeswereexploredandthehyperbolictangentfunctionwasfoundtoprovidethebestresults.A
learningrateof0.1wasfoundtobeagoodchoice,withhigherlearningrateswhileleadingtoafaster
convergencehaveahighertendencytooverfitdata.Asquaredpenaltymethodwasfoundtowork
wellinourapplications.Figure2illustratestheneuralnetworkprocessinthisstudy.

Equations(3)to(8)depictthetransformationprocessofusingneuralnetworkwithtwohidden
layers.SupposeX

i
representstheinputvariables,w

ij
istheweightoftheinputifortheneuron f

j
,

andl X X X X
j 1 2 3 4
, , ,( ) isalinearcombinationofinputsX

i
foreachhiddennodeinthesecondlayer.

l X X X X w X
j

i
ij i1 2 3 4

1

4

, , , *( ) =
=
∑  (3)

Thehyperbolictangenttransferfunctionis
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Similarly,thefirstlayerusesalinearcombinationofinputs f
j
fromthesecondlayerforeach

hiddennode.
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InthethirdsteptheinputF
k

isweightedandthehyperbolictangenttransferfunctionsisused
toobtainthefinalpredictionprobabilities.
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Figure 2. Neural network process
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Themainadvantageofaneuralnetworkmodelisthatitcanefficientlymodelcomplexproblems
byusingenoughhiddennodesandlayers.However,theaccuracyofthismodelissensitivetothe
numberofhiddennodesandlayers(Bellazzi&Blaz,2008).

Decision Tree
Thedecisiontreeiscreatedbyrecursivepartitionsofthedatasetbasedonarelationshipbetween
thepredictorsandtheoutcomevariable(Hastie,Tibshirani,&Friedman,2009).Inthedecisiontree
algorithm(Quinlan,1986)thebestsplit,thepartitionalgorithmstartsattherootnodeandsearches
allpossiblesplitsofpredictors.Thesesplitsofthedataaredonerecursivelyuntilthedesiredfitis
reached.Thenodesplittingforpredictorsdependsonthedatatype.Ifthepredictorisnumerical,it
dividesthedatawithaspecificcutvalue;ifthepredictoriscategorical,itdividesthecategoriesinto
twogroupsateachsplit.

Inthisstudy,thenodesplittingisbasedontheLogWorthstatisticinEquation(9),andthesplitting
isbasedonthesmallestp-valueorlargestLogWorth.Thiscriterionisfavoredforboth,predictors
withmanylevelsaswellasfewlevels(Kotsiantis,Kanellopoulos,&Pintelas,2006).

LogWorth log pvalue=− ( )� �
10

 (9)

Alternatively,minimizingtheresiduallog-likelihoodchi-square,G 2 ,isusedforobtainingthe
bestsplit,andthecandidateforsplitischosenbythesmallestG

Score
2 inEquation(10).

G G G G
Score parent left right
2 2 2 2= − +( )  (10)

Decisiontreesarestraightforwardtobuild,andthesplitsareinterpretable.However,decision
treescanbeunstableandinaccuratebecausealargechangeinthestructureoftheoptimaltreecould
becausedbysmallchangesinindividualvariables(Bellazzi&Blaz,(2008).Inordertoremedythe
drawbacksofsingledecisiontrees,acombinationofmultipletreeshasbeenproposed.

Boosted Tree
Boostedtreesinvolveconsecutivetreesthegoalofwhichistopredicttheerrorfromthepriortree.
Itproducesapredictionmodelbasedonaformofensembleofweakpredictionmodels(Friedman,
1999).Whenaninputismisclassifiedbythecurrenttree,itsweightisincreasedsothatthenext
treeismorelikelytoclassifytheobservationcorrectly.Combiningtheconsecutivetreeswilllead
toabetterperformingmodel.Theboostedtreeisthusbasedonmanysmallerdecisiontreesthatare
constructedinlayers.

Bootstrap Forest
TheBootstrapForestisanensemblemodelthataveragesmanydecisiontreeseachofwhichisfitto
asampleofinputvariables(Ho,1995).Hence,eachtreeisconsideredtobearandomsubsetofthe
predictors.Inthisway,manyweakmodelsarecombinedtoproduceamorepowerfulmodel.Thefinal
predictionforanobservationistheaverageofthepredictedvaluesfortheobservationoverallthe
decisiontrees.Inourstudy,thenumberoftreeswasselectedtobe100toprovideastableaverage.The
numberofinputvariablesselectedforeachtreewas3basedonseveraltrialswithvaryingnumbers
ofinputvariables.ThedownsideoftheBootstrapForestisthatitisdifficulttointerpretandittakes
alongertimetobuild(Hastie,Tibshirani,&Friedman,2009).
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Ensemble Model
WhiletheBootstrapForestisanensembleofthesametypeofmodel,onecanalsocombinedifferent
typeofmodelstoobtainabetterpredictiveperformance(Opitz&Maclin,1999).Themainprinciple
behindtheensemblemodelisthatagroupofweaklearnerscometogethertoformastronglearner.
Ensemblesusuallyholdmoreaccuratepredictiveabilitythansinglemodels(Pirietal.,2017).There
aremanyapproachesfordevelopingensemblemodels,andthesimpleaveragemodelwhichisthe
mostcommonapproachisusedinthispaper.Wecreatedanensemblemodelthatincludeddiverse
models each having a different strength: Logistic Regression, Neural Network, Decision Tree,
BootstrapForestandBoostedTree.

Data Sampling
Oversamplingofpositivevaluesandundersamplingofnegativevaluesarecommonmethodsusedto
avoidobtainingamodelthatpredictsallnegativesincaseswhereapositiveisarareevent.Inthese
rareeventsituations,thefractionofpositivesisverysmall.Undersamplingcreatesasampleofdata
withallthepositivesandasubsampleofnegatives,whichcreatesamorebalancedsetofpositives
andnegativessuchas70/30or50/50.

Withoversamplingwecreatedadatasetthatconsistsofallthepositivesandtwiceasmany
negativesaspositives.Thepositivesetisthenbootstrappedtocreateasamplesizeequaltothenumber
ofnegatives,creatinga50/50split.

In logistic regression, oversampling andundersampling events only affect the intercept; the
coefficientsofthefactorsremainunbiased.Nevertheless,thebiasedinterceptresultsinincorrect
probabilitypredictionsforthewholedataset.Ifoneonlycaredaboutthecoefficientsforexplanatory
variablesandnotfortheactualpredictedprobabilities,onewouldnotneedtomakeanyadjustment,but
inpredictiveanalytics,weareinterestedintheprobabilities.Theseprobabilitiesarebiasedandneed
tobecorrectedforallpredictivemodelsusingoversamplingorundersampling.Sincetheprobabilities
areinflatedforallpredictivemodels,allthemetricsareaffectedexcepttheROCcurveorthelift
curvewhichreliesonlyonranking.Theadjustmentfactorcanbeobtainedviatheodds.Letqbethe
fractionofpositivesintheoriginaldataset;letrbethefractionofpositivesintheundersampled
(oversampled)dataset;andletpbetheprobabilityofpositivesobtainedfromthepredictivemodel
oftheundersampled(oversampled)dataset.Thentheadjustedoddsaregivenby

AdjustedOdds
p

p

q

q

r

r
� �=

− −
−

1 1

1  (11)

Theadjustedprobabilitiesp*arethen

p* =
+

1

1 1( / )AdjustedOdds
 (12)

Althoughoversamplingandundersamplingcanresult inmorestablemodels, theyalsohave
theirdownsides.Themajordrawbackofrandomundersamplingisthatpotentiallyusefuldatacould
bediscardedduringtheprocessofreduction(Kotsiantis,Kanellopoulos,&Pintelas,2006).Also,
undersamplingresultsofteninmuchsmaller trainingsetswhichmayresult inunstablesolutions
(Shreve,Schneider&Soysal,2011).Thedisadvantagesofoversamplingarethelikelihoodofmodel
overfittingbecauseoftheincreaseinexactcopiesfromtheminorityclass(Chawla,Hall&Bowyyer,
2002).Inthisstudy,theoversamplingandundersamplinghasbeenemployedwithallthealgorithms.
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Receiver Operating Characteristic Evaluation
Findingthebestmodelrequiresmetricsthatcanbeusedtojudgethemodels.Someofthemost
commonlyusedmetricsaretheerrorrate(oritscomplementthehitrate),thesensitivity(ortrue
positives)andthespecificity(ortruenegatives).However,thesemetricsaloneareoftennotsufficientto
judgetheperformanceofamodelinpracticewherecoststructuresrequireadeviationfromthedefault
cutoffvalue.Thereceiveroperatingcharacteristic(ROC)curveprovidesamorein-depthanalysisof
theperformanceofthemodelfordifferentcutoffvalues(Aggarwal&Ranganathan,2018).TheROC
curveplotsthesensitivityover1-specificityforcutoffvaluesbetweenzeroandone.TheidealROC
hasasensitivityofoneataspecificityofzero.Thecloserthecurvegetstothisidealthebetterthe
modelisinpredictingsuccessandfailure.Theareaunderthecurve(AUC),whichhasanupperlimit
ofonefortheidealROCisoftenusedasametrictocomparemodels.However,theROCprovidesa
meansforselectingdifferentcutoffvaluesthatmorecloselymeettheobjectiveofthebusinesscase.

Whatmetricstousedependsonthecoststructureswhichvaryfromapplicationtoapplication.In
ourcase,thelostrevenueandthesocietallossfromastudentdroppingoutofcollegethatcouldhave
graduatedwithadditionaladvisingandremedialactionsmustbebalancedwiththecostforadvising
andfortheremedialactions.Universitieshaveafixedstaffforadvisingandthisstaffcanhandlea
fixednumberofstudentinterventionspersemester.Increasingthenumberofpossibleinterventions
wouldrequireanincreaseinstaff.NeitherofthesinglemeasuressuchasAUC,errorrate,sensitivity,
specificityaloneissufficienttojudgesuitabilityofthemodel.Insteadofcomparingmanycurves,
wewillchooseanotherpointontheROCcurvethatisdifferentfromtheoneobtainedforacut-off
valueof0.5.Thiscutoffvalueisselectedtomeettheobjectiveofthemodel,namelytobalancethe
truepositivesandtruenegativesthatmeettheresourceconstraints.Thiscanbeachievedbyselecting
acutoffvalueforagiven1-specificity.Inotherwords,webalancethepercentageoftruepositives
(studentswhodropoutwithoutintervention)withthepercentageofstudentsthatwouldnotdrop
outevenwithoutaninterventiontoyieldanapproximatenumberofstudentsthatcanbehandledby
existingstaff.

Inthisapplicationthecutoffvaluecorrespondingto1-specificity=0.2wasfoundtobeagood
compromise.Thisimpliesthatthemodelwiththehighestsensitivityat1-specificity=0.2would
bethebestmodel.

Thismethodofselectingacutoffvalueisparticularlyusefulwhenthefractionofpositivesislow
inthepopulation.Inthesecases,themodelwiththelowesterrorrateoftenpredicts100%negative
valuesusingthedefaultcutoffvalueof0.5.Sincetheobjectiveistoidentifystudentsthatmaydrop
out,amodelthatpredicts0%dropoutsdoesnotseemuseful.However,thecutoffvalueofthemodel
canbeloweredtoincreasethepercentageofpredicteddropoutstothepointwhereabalanceisfound
betweentoomanyfalsepositivesandtoofewtruepositives.

Training and Validation Data Sets
Inthisstudy,threedifferenttypesofdatasetswereconstructedforbuildingpredictivemodelsateach
ofthethreetimeperiods,pre-college,firstsemester,andsecondsemester.Thefirsttypeusedthe
entiredatasetsplitinto50%trainingand50%validation.Becauseoftherelativelylowpercentage
ofdropouts,westratifiedthetrainingdatasetandvalidationdatasettohaveequalpercentagesof
dropouts.Forinstance,outof6,894students286studentsdroppedoutafterthefirstsemester.Both
thetrainingdatasetandthevalidationdatasethad3,447observationswitheachhaving143students
whodroppedoutafterthefirstsemester.

Inthesecondtypewhichusesundersampling,thevalidationdatasetisthesameasthevalidation
dataset in the no-sampling type, namely the 50% of the stratified dataset. The training dataset,
however,usesundersamplingtoreducethefractionofno-dropouts.Toachievea2/1splitofno-
dropouts/dropoutsarandomsampleoftwicethesizeofdropoutswasdrawnfromtheno-dropoutsof
thesecondhalfofthedataset.Whiletheoriginaltrainingdatasetcontains3,447observationswith
143dropouts,thefinalundersampledtrainingdatasetcontains286no-dropoutsand143dropouts.
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These286studentswererandomlyselectedfromthe3,263studentswhodidnotdropoutafterthe
firstsemester.

Thethirdtypewhichusesoversamplingreliesonbuildingasyntheticsetofminorityobservations
usingbootstrapping.Forthistypeofdataset,thevalidationsetisalsothesameasintheno-sampling
caseandunder-samplingapproach,namelyitconsistsofthe50%oftheoriginaldata,stratifiedby
dropout.Oversamplingstartswiththesecondhalfofthedatasetreservedfortraining.Insteadof
reducingthenumberofno-dropouts,thenumberofdropoutsisincreasedthroughrepeatedsampling
withreplacementfromthe143dropoutsuntila50/50splitisobtained.Theoversamplingmethod
createdadatasetwith6,456observationshaving3,263dropoutsand3,263no-dropouts.

Thefirstsemestermodelhasthesamenumberofstudentsasthepre-collegedataset,butthe
secondsemestermodelhasonly5,226students remainingwith510dropouts.Thesameprocess
wasappliedtothesecondsemesterdatasetasforthefirstsemesterdataset.Thecompositionofthe
trainingdatasetisshowninFigure3.

MODEL EVALUATIONS

Threedatamodelswereanalyzedusing11analyticalmodels todeterminewhichwouldprovide
thebestpredictiveresults.Thethreedatamodelsincludedpre-college,firstsemester,andsecond
semesterdatacorrespondingtothedataavailableatthreepointsinthestudents’career.Predictive
measuresforthethreedatamodelsareshowninTable1.Table2showstheresultsofeachofthe
analyticmodelsforeachdatamodule.

Allpre-collegemodelshavethesameerrorrateof4.12%,asensitivityof0%andaspecificityof
100%,atthedefaultcutoffvalueof0.5.Thus,allmodelspredict0%dropouts.Neitherundersampling
noroversamplingalterstheerrorrates,sensitivityorspecificity.However,theROCcurvesforthe

Figure 3. Datasets for predictive models
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modelsaredifferent.ThisisapparentfromtheAUCvaluesandthesensitivityat1-specificityof
0.2.TheAUCrangesfromalowof0.5toahighof0.717.Thesensitivityata1-specificityof20%
rangesfromalowof20%toahighof50%.WhiletheAUCisameasureofthewholeROCcurve,
thespecificpointoftheROCcurvecorrespondingto1-specificity=0.2providesinformationabout
howwellthemodelisabletoidentifystudentswhowilldropoutgiventhatweallow20%ofthe
studentswhoarenotdroppingouttobefalselyidentifiedasdropouts.Inmanypracticalcasesthe
ROCcurveatlow1-specificityvaluesismoreimportantthantheoverallAUCbecauseitismore
directlyrelatedtothecostbenefitanalysisthatwillultimatelydeterminethecutoffvalue.Thebest
pre-collegemodelistheensemblemodelusingalldata.IthasanAUC=0.717andasensitivityof
0.5at1-specificity=0.2.Hence,thepre-collegemodelusingalldataissuperiortoundersamplingor
oversamplingforthepre-collegemodels.

Forthefirstsemestermodeltheerrorratesrangefrom4.02%to24.79%;thesensitivityata
defaultcutoffvalueof0.5rangesfrom0%to31.51%;thespecificityrangesfrom95.52%to100%;
theAUCrangesfrom0.5to0.821;andthesensitivityat1-specificity=0.2rangesfrom20%to68%.
Theensemblemodelwithanerrorrateof4.02%,asensitivityof7.59%,aspecificityat99.88%and
asensitivityof68%for1-specificity=20%isthesuperiormodel.Whilesomemodelshavehigher
sensitivity at a cutoff valueof 0.5, theyhavehigher error rates and lower specificity and lower
sensitivityat1-specificity=0.2.

Forthesecondsemestermodeltheensemblemodelusingalldataalsoperformsbest.TheAUC
=0.826,theerrorrateis7.69,thesensitivityis29.57%andthespecificityis99.19%foracutoff
valueof0.5.Thesensitivityat1-specificity=0.2is72%.Neitherundersamplingnoroversampling
producedbettermodels.

Wealsonotethatsomeindividualmodelsperformpoorlywhenunder-oroversamplingisused,
whiletheensemblemodelsperformquitewellinthesecases.Figure3depictstheROCcurveforfive
individualmodelsandtheensemblemodelforoversampling,highlightingthedifferentperformances.
The Logistic Regression Model and the Ensemble model perform best in the comparison using
oversamplingforthepre-collegemodel.

AsFigure4alsoshows,theNeuralNetworkisespeciallysensitivetooversampling.Undersampling
leadstosimilarresults.Whenusingunder-oroversamplingindividualmodelscanbecomeunstable.
Figure5depictstheROCcurvesforthefiveneuralnetworkmodelsusingnosampling,undersampling
andoversampling.DifferentNeuralNetworkmodelsusingthesamesetofdatacanresultinvery
differentperformanceswhenunder-oroversamplingisused.Differentrunswithdifferentstarting
valuesforoptimizingtheweightscanresultinslightlydifferentmodels.However,averagingseveral
NeuralNetworkmodelscanalleviatethisproblem,makingitmorestable.

Theensemblemodelsperformquitewellevenwithunder-andoversampling.Whilethereisnot
muchdifferencebetweentheROCcurves,theresultsindicatethatunder-oroversamplingdoesnot
improvetheperformanceofthemodelsforthewholerangeoftheROCcurve.

Inthisapplication,theoverallmisclassificationrateisnotthemostimportantcriterion.The
availabilityofresources,thecostsofresourcesandthetimingofactionsarethemainconcern.The
earlierastudentisidentifiedasbeingatriskofdroppingoutandacorrectiveactionistaken,themore
likelyitisthatthecorrectiveactionwillbeeffective.Thiswouldsupportthestrategyofinvesting
moreresourcesincounselingstudentsandtakingremedialactionwithinthefirstsemesterrather
thanthesecondsemester.Thus,thismaycallforusinglowercutoffvaluesinthefirstsemesterand
therebyincreasingthepercentageoftruepositives(predictingdropoutcorrectly)butacceptingmore
falsenegatives(predictingdropoutofreturningstudents).

CONCLUSION AND DISCUSSION

ADSSusingpredictiveanalyticscanprovideoperationaltoolsforidentifyingstudentsearlyonin
ordertoprovidecorrectiveactionstoreducethechanceofdropout.Analyticsallowsadministrators
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tomakemorecost-effectivedecisionsandthusmakeoptimaluseoflimitedresources.Usingfirst
andsecondsemesterdrop-outsallowsformoretimelydecisionmakingandforassessingwhetherthe
changesimplementedbytheadministrationhavehadapositiveeffectonretention.Inthefollowing
sectionweprovideadiscussionandrecommendationstomodelingwhichmayalsoapplyforpractical
applicationswheretheobjectiveistoidentifyasmanycasesaspracticallypossiblesubjecttoresource
constraints.

Modeling Discussion
Ourresearchshowshowensemblemodelsdoabetterjobofidentifyingstudentwhomaydropout.It
makesuseofapredictivemodelthatidentifiesstudentsthatarelikelytodropoutafterthefirstand
secondsemester.First,whenassessingmodels,oneshouldnotsolelyrelyonerrorrates,sensitivity
andspecificityatcutoffvalue0.5.ThemodelsshouldbeoptimizedforthepointontheROCcurve
thatislikelytobeusedinthespecificapplication,unlessonefindsamodelthatissuperiorforthe
wholerangeoftheROCcurve.

Figure 4. ROC curve for six models using oversampling with pre-college data
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Second,ourresearchreaffirmsthatensemblemodelsusingarangeofdifferentmethodstendto
besuperiortosinglemethodmodels.WeusedasimpleaverageofLogisticRegression,aDecision
Tree,aNeuralNetwork,aBootstrapForestandaBoostedTree.Thisensemblemodelwassuperiorto
singlemodelswithrespecttotheoverallROCcurveingeneralandthesensitivityat1-specificity=0.2,
specifically.Third,under-andoversamplingdoesnotnecessarilyresultinmodelsthataresuperior
tothemodelbasedonthewholedataset.Fourth,adjustingthecutoffvalueisasuitabletechniqueto
meetresourceconstraints.InspectingthewholeROCcurvemightbenecessary.Butinsomepractical
casesoptimizingforacertainpointontheROCcurveissuitable.Whenthesamplesizeisonlya
fewhundredcases,somemodelsmaynotprovidestablesolutions.Ensemblemodelscanbeusedto
obtainbettermodelsforsmallsamplesizes.

DSS for Improving Graduation Rates
Whyatatimeofincreasesintuitionandhighstudentdebtanddecadesofresearchregardingfactors
affectinggraduationrates,publicuniversitiesintheU.S.stillhavea4-yeargraduationrateofjust
slightlyover30%(ACT,2014).Douniversityadministratorsnotapplyresearchresultsordoresearch
resultsnotprovideapplicableguidanceonwhatiseffectiveforimprovinggraduationrates?Theanswer
liesintherecognitionthatthereisnosilverbulletthatcanbeusedtoincreasethegraduationrates
atfour-yearinstitutionsofhighereducationthroughouttheworld.Graduationratesareacomplex
issueaffectedbymanyfactorsthatvaryfrominstitutiontoinstitution.Ratherthantryingtoidentify
afewfactorsthataffectgraduationratesatallinstitutions,DSSsystemsmayholdthekeytotackling
lowgraduationrates.Predictivemodelshavebeensuccessfullyusedinindustrytogaininsightinto
difficultproblemsandtofindsolutionsformakingmoreefficientuseofresources.Thesemethods
canalsobeusedinhighereducationthroughout theworldprovideddatasystemsare inplaceto
collectpertinentstudentinformation.

Themodelsforretentionbasedonpre-collegefactorsalsoconfirmsfindingsinpreviousresearch
thatacademicfactorsmeasuredbyhighschoolGPAsandACTscoresareimportantpredictorsfor
4-yeargraduation.However,theaccuracyofthemodelsforfirstsemesterretentionbasedonlyon
thesepre-collegefactorsislowforstudentsthathavebeenalreadyadmittedtothecollege.Thisis
becauseselectiveadmissionalreadyprescreensforacademicallyqualifiedstudentsandthecohorts
ofstudentsusedforthisstudyhavealreadypassedselectiveadmission.Forthosestudentsthathave
beenselectivelyadmittedthespecificpreparationincertainsubjectsandcoursesequenceplaysa
significantroleforsuccess.Theinspectionofthefirstandsecondsemestermodelsshowthatpre-
collegemathematicspreparationaffectsdropoutrates.Specifically,studentswhoarenotpreparedto
takeBusinessCalculusinthefirstsemesterhaveahigherdropoutratethanstudentswhoarereadyto
takeBusinessCalculus.Thisresultshouldleadtopolicychangesregardingsuggestedcoursestaken
inhighschool.Highschoolcouncilorsshouldadvisetheirstudentsthattheymustbewellprepared
inmathematicsinhighschooliftheyintendtostudybusiness.Studentswhointendtostudyscience
knowthattheymusttakeadvancedmathematicsinhighschooltobepreparedincollege.Butalarge

Figure 5. ROC curve for six models using oversampling with pre-college data
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percentageofstudentswhointendtostudybusinessdonotrecognizethatsufficientmathskillsare
requiredincollege.

Thefirsttwosemestersarethemostcriticalforsucceedinginanyprogram.Inmostbusiness
programsthekeyfirstyearcoursesarebusinesscalculus,economics,andaccounting.Studentswho
havepassedbusinesscalculusandeconomicsinthefirstsemesterhavea46.6percentagepointhigher
graduationratethanstudentswhohavenotpassedeithercourse.Only46%ofstudentswhodonot
takeorfailBusinessCalculusinthefirstsemesterpasseconomicsinthefirstsemester,but73%of
thosestudentswhopassbusinesscalculusinthefirstsemesteralsopasseconomics.Therelationship
betweenlackofmathpreparationandsuccessinabusinessprogramislikelytobesimilarinother
institutionsofhighereducationaroundtheworld.

Thesecondmainfindingisthatchangesinpoliciesalonewillnotincreasegraduationrates.
Studentshavedifferenteducationalpreparations,differentworkhabits,comefromdifferentsocio-
economicbackgroundsandhavedifferentlevelsofmaturity.Somehavepsychologicalproblems,
attentiondeficitandotherpersonalissues.Somestudentsworkparttimeorevenfulltimeinsome
cases.Thus,studentswillhavedifferenteducationalneedsandmoreindividualizedlearningisin
order.Incontrasttotheneedformoreindividualizedlearning,fundinghasbeenreducedoverthepast
decadeleadingtoincreasesinclasssizesatfour-yearcolleges.Sincefundingincreasesareunlikely
tooccurinthenearfuture,moreefficientwaysofprovidingeducationhavetobesought.Aproper
DSScansupportmakingmorecost-effectivedecisionsregardingmeasurestoreducestudentdropout.
Forinstance,assigningriskscorestostudentsandprovidingtimelyremedialcountermeasureswill
reducedropout.Establishinganinformationsystemthatallowsforthetrackingofhigh-riskstudents
(Talbert,2012)isthekeytothisindividualizedtreatment.

TheremightbeaquestionhowaDSSsystemcomparestoeffortsofreformingteachingmethods
toreducedropoutrates.UsingaDSSsystemtotrackstudentsisnotasubstituteforpedagogical
measurestoimproveteachingandneitherarepedagogicalmeasuresasubstituteforaneffectiveDSS
systemthatidentifiesstudentsthatarelikelytodropout.Dropoutscauseaconsiderablelossforthe
universityandforthestudents.Hence,anymethodthatreducesdropoutsanddoesnotrequirealarge
budgetwillbebeneficial.UsingaDSSsystemdoesnotrequiremuchofanadditionalinvestment
becausedataarealreadycollectedatmostuniversities.Whatrequiresmoneyistheinvestmentin
councilors.ButtheDSSsystemcanbecalibratedtoidentifyanumberofstudentsneedingcounseling
thatmeetstheresourceconstraintsofcouncilors.Pedagogicalmeasureshavelimitationsbecause
theyarefocusedonthelearninganddon’tincludeaholisticapproach.Manystudentsdropoutfor
personalreasonsnotbecauseoflearninginabilities.Theseincludeforinstance,financialproblems,
personalproblemsathome,illnessofstudentsorrelatives,andpsychologicalproblems,toname
justafew.Teachersarenottrainedtoidentifyordealwiththeseissues.However,councilorscan
identifytheseissuesonceastudenthasbeenflaggedashavingproblemsanddetermineappropriate
correctiveactions.TheultimateroleofaDSSsystemis toprovideadministratorswith tools for
correctiveactionsthatcanbetakentobringthestudentbackontracktograduationatanytimeduring
thestudent’slifecycleatacollege.

Thepredictivemodelssupportaprogramthatidentifiesstudentsineachofthefirsttwosemesters
whoareat riskofdroppingout.Thepredictivemodelcanbe improvedbycollectingadditional
informationaboutbehavioralissuesandstudyhabitsduringthefirstyear.Futureresearchshould
includeasurveyofstudentstoidentifyadditionalfactorsthatincreasethesensitivityofthemodel
andtheaccuracyofthepredictions.Thedatausedforouranalyticswerefinalgradesinthethreemost
criticalcoursesaswellasthecumulativegrade-pointaverage.Midtermgradescanbeusedtoobtain
anearlyindicationforthoseat-riskandtoofferthemcoachingortutoringinordertohelpthemget
backontrack.Butthiswouldrequirethatallinstructorsassignmidtermgrades.

Theincreasedscrutinybystakeholdersrequiresinstitutionsofhighereducationtobecomemore
accountablefortheoutcomeofeducation(Alexander,2000;Huisman&Currie,2004;Keams,1998;
Elton,1998;Kitagawa,2003;Dill,1999;Layzell,1999;Trow,1996).Considerabletime,resourcesand



Journal of Organizational and End User Computing
Volume 32 • Issue 4 • October-December 2020

59

moneyiswastedwhenstudentsdonotgraduateontimeordonotgraduateatall.Whilegraduation
andretentionrateshavebeenthesubjectofconsiderableresearchoverseveraldecades(Alexander,
2000;Baileyetal.,2006;Lau,2003;Astin,1997;Lotkowski,Robins,&Noeth,2004;DeShields,Kara,
&Kaynak,2005;Hamrick,Schuh,&Shelley,2004;Ishitani,2006),progresshasbeenslow.Over
thepastdecadegovernmentshaveembarkedoninstitutingperformance-basedfunding(Alexander,
2000;Aggarwal&Ranganathan,2018).Atthesametimetheriseintuitionhasreceivedmuchpublic
scrutinyandaffectsenrollmentleadingtofewerrevenuesforcolleges(Jackson&Weathersby,1975;
Hemelt&Marcotte,2011;Paulsen&John,2002).Theoutsidepressuretoperformbetterandtobe
moreresponsivetostudents’andlegislators’demandswithlessfundingrequiresuniversitiestoexplore
methodsofbecomingmoreefficient.Researchhasshownthatremedialmeasuressuchastutoring
andcoachingforat-riskstudentsareeffectiveinpreventingdropout(Topping,1996;Bettinger&
Baker,2011).However,datashowthatstudentswhoneedthissupportarenotnecessarilyseekingit
out.Hence,usingaDSSwillhelpuniversityadministratorstoidentifythestudentswhoneedhelp
earlyandcoachthemtogetbackontrack.
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