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ABSTRACT

Thegrowingpopularityofonlinelearninghasputlearningmanagementsystems(LMS)attheforefront
oflearningtechnologies.TheadoptionofLMSbystudentshasthereforebeenamajordrivingforce
foronlineeducation.However,trueadoptionmusttranscendinitialuseforsignificantsuccess.This
studyutilizesthetheoryofplannedbehavior(TPB)togainnewinsightsonstudents’short-term
versus long-termadoptionofLMS.Specifically, it examines thedeterminants of initial use and
continuanceusethroughthelensoftheTPB.Resultsobtainedfromasampleof248undergraduate
studentssuggestthatdifferenceincontinuinguseandinitialusedecisiondependsondifferencesin
theinfluencesofpersonalcontrolperceptionsabouttechnologyandsubjectivenorms.Protagonists
of online education will find these results interesting in that it provides insights for developing
interventionstrategiesthatcanhelpinincreasingonlineeducationadoptionregardlessofwhether
thefocusislong-termorshort-term.

KeyWoRdS
Continuance Use, Innovation, Learning Management Systems, Learning Technologies, Online Learning, 
Technology Acceptance Model, Technology Adoption, Theory of Planned Behavior

INTRodUCTIoN

LearningManagementSystems(LMS)havebeenwidelyusedinhighereducationinstitutionsinthe
UnitedStatesandaroundtheworld;andthistrendcontinuestorise(Lang,2016).Accordingtoa2014
EDUCAUSECenterforAnalysisResearch’sreport,99%highereducationinstitutionsintheUnited
StateshaveanLMSinplace,and83%ofstudentsusesometypeofLMS.Among17000faculty
membersand75000studentssurveyed,majorityofstudentsandfacultymembersviewedLMSasan
importanttoolforteachingandlearning(Dahlstrom&Bichsel,2014).Researchershavepointedto
thecriticalroleofLMSinstudentacademicsuccess(Paulsen,2003;Browne,Jenkins,andWalker,
2006;Kumar&Sharma(2016).DespitethewidespreaduseofLMS,notalluniversitystudentsare
comfortablewiththeiruse,andothersareunabletoutilizethemtothefullest((Dahlstrom&Bichsel,
2014).WhileinitialacceptancetoLMSisagoodstepintheadoptionprocess,aninvestigationinto
continuingacceptanceiscriticalforlong-termsuccessofLMS(Joo,Kim,&Kim,2016).

TheuseofLMSemergedinhighereducationinthe1990sandhasquicklybecomeanintegral
part of current teaching and learning experiences. The benefit of using LMS platforms such as
Blackboard,MoodleandCanvaswillnotbemaximizedifstudentsdonotusethemnow,andcontinue
tousetheminthefuture(Alenzi,2012;Lai,Wang,&Lei,2012).InordertoimproveonLMSusage,
researcherstherefore,needtoexplorefactorsthatgiveusabetterunderstandingofthedeterminants
ofLMSamonguniversitystudents.Previousstudieshavehighlightedsomeofthesecriticalfactors.

Thisarticle,publishedasanOpenAccessarticleonJanuary11,2021inthegoldOpenAccessjournal,InternationalJournalofWeb-Based
LearningandTeachingTechnologies(convertedtogoldOpenAccessJanuary1,2021),isdistributedunderthetermsoftheCreativeCom-
monsAttributionLicense(http://creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninany

medium,providedtheauthoroftheoriginalworkandoriginalpublicationsourceareproperlycredited.
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Forexample,usefulness,ease of use,perceived enjoyment,qualityandattitudeshavebeenfound
todetermineLMSadoptionsamongcollegestudents(Pituch&Lee,2006;Lee,Cheung,&Chen,
2005;Saade,Nebebe,&Tan,2007).

Many frameworks have been used by researchers to understand the spread and adoption of
technologiessuchasthese.Someexamplesinclude,thetechnologyacceptancemodel,thetheoryof
reasonedaction,thetheoryofplannedbehavior,theexpectation-confirmationtheoryamongothers.
Inthisresearchweutilizethetheory of planned behaviorandtheexpectation-confirmation theoryto
examinethisadoptionconcept.Wedosofortwomajorreasons:first,thetheoryofplannedbehaviorhas
beenacclaimedforitsversatilityinwelcomingchangeinterventionsinbehavioralresearch(Steinmetz,
Knappstein,Ajzen,Schmidt,&Kabst,2016).AndsincetheadoptionofLMSisbehavioralinnature,
andinstitutionsneedinterventionsthatcanencourageitsuse;atheoryastheTPBseemedagreatfit.

Second,manyresearchershavefocusedontheinitialacceptanceofthesystemandnotreally
onthelong-termcontinuanceofuseofthegivensystem(Bhattacherjee,2001).However,research
showsthattherealsuccessofinformationsystems(IS)liesinthecontinuinguseofasystemrather
thaninitsinitialacceptance,eventhoughcritical,istheactualmeasureofISsuccess.Hence,this
researchutilizescontinuance useintention,insteadofjustbehavioral intentiontouseasystemand
comparesthetwo.

Thecurrentresearchthereforehasasmainfocustouncoverthedeterminantsofbothbehavioral 
intentiontouse(initialuseintentions)andcontinuance intentiontouse(long-termuseintentions).It
alsoinvestigatesintothedifferencebetweenthetwouseoutcomesbasedontheattitude,subjective 
normsandperceived behavioral control.Theresultsofthestudywillbenefitonlinelearningchampions
seekingtoincreaseadoptionstrategies.

In the following sections,we conduct a review of relevant literature, discuss howproposed
modelwasdeveloped,outlinethemethodologyfortheresearch,thenanalyzedata,discussresults
andofferaconclusion.

LITeRATURe ReVIeW

Many frameworks have been used in literature to explain the spread and adoption behaviors of
informationsystems.Someofthepopulartheoriesinclude:thetheory of reasoned action,thetheory 
of planned behavior,thetechnology acceptance model,andthe theory of diffusion of innovations.

The Theory of Reasoned Action (TRA)
FishbeinandAjzen(1975)developedthetheoryofreasonedactionbasedonvalue-expectancytheory.
Thevalueexpectancytheoryisbasedontheassumptionthatpeoplechangeabehaviororadoptnew
behavioriftheyanticipatepersonalbenefitfromtheoutcome.Henceifthebenefitsoutweighsthe
barrierstheyaremorelikelytoindulgeintobehavioralchangeoradoptionofagivenbehavior.Based
onthisnotion,TRAassumesthatbehavioradoptionorinterventionisaffectedbyintentiontowards
thebehaviorandsocialinfluencestowardsit.Thus,TRApostulatesthatbehaviorisbasedonidea
ofintention;intentionbeingtheextenttowhichapersonisreadytoengageinabehavior(Fishebin,
1967;Ajzen&Fishbein,1980).Ingeneral,peoplearelikelytodosomethingiftheyplantodoitthan
iftheydonotplantodoit.Therefore,asTRAsuggests,intentionisinfluencedbyattitudes,subjective 
norms,andvolitional control.OtherresearchershaveshownthatTRAadequatelypredictedtheuse
ofMassiveOpenOnlineCourses(MOOC)(Emad&Faijida,(2019).

Basedontheoutcome,people thereforemakeseriesofbeliefs towardsabehavior,whichin
turnconstituteanattitudetowardthatbehavior(Aizen,2002).Forexample,ifstudentsbelievethat
adoptionofnewLMSisbeneficial,valuable,advantageous,oragoodthing,thentheirattitudewill
befavorableandchancesofthemactingontheideawillbehigher.Similarly,ifstudentsbelieve
thatadoptingnewLMSmightnotsignificantlyimpacttheirlearning,isnotusefultoimprovetheir
academicperformancesandorimprovetheirintellectualability,theirattitudetowardtheuseofLMS



International Journal of Web-Based Learning and Teaching Technologies
Volume 16 • Issue 1 • January-February 2021

29

willbenegative,andchancesoftheirutilizingoradoptingwillbemuchlower.Thus,attitudeplays
importantroleintheTRAtoimpactintention.

Likewise,attitudecanbeinfluencedbysubjectivenormsi.e.perceivedsocialpressurewhether
toengageoradoptacertainbehavior.Socialpressurecanarisefrompeoplewhoareclosetothe
subjectsuchasfamily,friendsandrelatives,whomthesubjectwouldliketoplease(Ajzen,2002).
Studentsaremostlysurroundedbypeers,teachers,andcoacheswhohaveimportantrolesintheir
newbehavioradoptiondecisions.Becauseof this, it’snotuncommon that studentbehaviorsare
influencedbypeersandteachers.

TheTRAalsopostulatesthatadoptivebehaviorsneedbeunderthecontrolofthepeoplewho
aretryingtoadopt thenewbehavior.Thisconcept isknownasvolitional control (Ajzen,1991).
Forexample,ifstudentswanttoadoptanewtechnology,itispossiblethattheymakethisdecision
entirelybythemselvesandnothavetodependonotherexternalfactors.Ifthebehaviorinadoption
isnotundercontrol,thenchancesofadoptionareminimizedsignificantlyandadoptionofthegiven
behaviorwillbeinquestion.BecausetheTRAexcludedexternalinfluenceswhichareclearlyalways
presentinreallife,theseexternalvariableswerelaterincorporatedintotheTRAtocreateanew
theorycalledtheTheoryofPlannedBehavior.

Theory of Planned Behavior (TPB)
TheTPBisanextensionoftheTRA.InTPB,anadditionalconstruct,perceived behavioral controlis
added.Perceivedbehavioralcontrol(PBC)isdefinedasanindividual’sperceptionofeaseordifficulty
ofperformingabehavior(Ajzen,1991).ThePBCconstructadditionallypredictsintention.Hence,it
makesgeneralsensethatthemorefavorabletheattitudeandsubjectivenormwithrespecttoadopting
abehavior,thegreaterperceivedcontrolandhigherintentiontoperformoradoptabehavior.With
thesebasicconcepts,TPBhasbeenwidelyandsuccessfullyusedinunderstandingandpredicting
humanbehaviors(Fishbein&Ajzen,2010).Asoftoday,TPBhasbeenusedformanyintervention
programssuchasinthefieldofnutrition(Kothe&Mullan,2014);publichealth(Armitage,Harris,
&Talibudeen,2011);mentalhealth(Skogstad,Deane,&Spicer,2006),andmanymore.Arecent
meta-analysisbySteinmetz,Knappstein,Ajzen,Schmidt,andKabst(2016)supportsandvalidates
previousfindingsonthepredictiveabilityofTPBconstructsonvariousbehaviorchangeinterventions.

Technology Acceptance Model (TAM)
TheTAMwastheorizedbyDavis(1986)utilizingthebasisoftheoryofreasonedactionforthespecific
purposeofstudyingtechnologyadoptionanduseofaninformationsystem.Thecoreconstructsof
TAMincludeperceived ease of use (PEOU),perceived usefulness (PU)andbehavioral intention (BI)
(Davis,1989).AccordingtoTAM,PUisthesubjectiveperceptionthatatechnologyisusefultoan
individualadoptingitandPEOUisthesubjectiveperceptionthatthetechnologyiseasytouseand
itwillenhanceuser’sperformance.TAMfurtherclaimsthatPUwillbeinfluencedbyPEOU:i.e.
whenusersperceiveatechnologyaseasytouse,theyarelikelytoseethetechnologyasusefulone.
Bothoftheseconstructsinfluencebehavioralintentionandareimpactedbyattitudetowardusing
it.AccordingFishbeinandAjzen(1975),attitudesasanindividual’spositiveornegativefeeling
towardsatargetbehaviorwillimpactbehavioralintention.AccordingtoTAM,bothPUandPEOU
haveimpactsonuser’sattitudewhichultimatelydriveadoptiondecisions.

Behavioral intentionhasbeendefinedasthedegreetowhichapersonhasformulatedconscious
plans toperformornot toperformabehavior (Davis,1989).AttitudeandPUdirectly influence
behavioralintention.Forexample,ifusersdeveloppositiveattitudesaboutatechnology,theyfindthat
technologyusefulandultimatelytheydeveloppositiveintentiontousethattechnology.Additionally,
andbasedonTRAandTPB,anextensiontoTAMwaslaterhypothesizedwithanadditionalconstruct
calledsubjective norms(Venkatesh&David,2000).Subjectivenormshavebeendefinedassocial
influencesoriginatingaperson’sperceptionthatmostpeoplewhoareimportanttothemthinkthey
shouldorshouldnotperformaparticularbehavior.Furthermore,subjectivenormshavebeenfound
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toaffectintention(Taylor&Todd,1995).TheTAMisstillafamousframeworkinthestudyand
adoptionininformationtechnology,andhasbeenwidelyusedtopredicttheintentiontouseagiven
technologyadoption(Venkatesh&Davis,2000;Venkatesh&Bala,2008;Lee,Kozar&Larsen,
2003;Shaqrah,(2015).

The Theory of diffusion of Innovation (doI)
Thediffusionofinnovationtheoryoriginatedfromsociologyandwasfirstusedtotestinnovative
farmingpracticesintheUnitedStates(Rogers,2003).AccordingtoDOItheory,aninnovationis
somethingnewornovel,whetheradevice,practiceoridea.Diffusionreferstotheprocessinwhich
aninnovationisdisseminatedandadoptedinasocietythroughthesocialsystem(Rogers,2003).
Accordingtothistheory,peoplegothroughseveralstagesofdecisionmakingbeforetheyfinally
decidetoadoptaninnovation.First,istheinnovation-decisionprocess,whichdescribestheawareness
orinitialknowledgeoftheexistenceofaninnovation.Thencomesrelative advantage(isthedegree
towhichaninnovationisperceivedasbetterthantheideaitsupersedes),triability(innovationis
triedbeforeadopting),complexity(innovationiseasyandsimpletouse),compatibility(innovation
iscompatiblewithexistingvaluesandneedsofpeople,cultureandsociety)andlastly,observability
(innovationeffectscanbeseenbyothers).Accordingtothistheory,fortheinnovationprocesstogo
throughthesesteps,anappropriatecommunicationchannelisrequiredoveraperiodoftime(Rogers,
2003).DOItheoryisbeenusedinthepastbyresearcherstoexplainadoptionbehaviorssuchashybrid
cornseedbyfarmers(Valente&Rogers,1995),physician’sadoptionofpharmaceuticalproducts
(Alkhateeb,Khanfar,&Loudon(2009),andfortyyearsofpracticalapplicationinthefieldofpublic
health,(Haider&Kreps,(2010).

Eachoneofthesetheoriesarepivotaltounderstandinguserdecision-makingontheadoption
behaviors.Inthecontextof thisresearch,weareinterestedinhowadoptiondecisionsaremade.
Whetherinitsinitialstagesorrepetitivedecision-making,behavioralintentionisfrontandcenterto
adoption,andisthefocusofourcurrentresearch.

ReSeARCH ModeL ANd HyPoTHeSeS

Thisstudyutilizesthetheoryofplannedbehaviorasabasisforunderstandingshort-termandlong-
termadoptiondecision-making.Theproposed researchmodel isbasedon theconceptualmodel
presentedinFigure1below.Asindicatedintheliteraturereviewsection,theTPBpositsthathuman
behaviors(actualbehavior)canbepredictedbytheirbehavioralintention(BI)toperformtheparticular
behaviorofinterest.Itfurtherpositsthatbehavioralintentionwillbedeterminedbyattitude(ATT)
towardsthebehavior,subjectivenorm(SN),andperceivedbehavioralcontrol(PBC)(Ajzen1991;
Ajzen,2012).Lastly,thetheorypostulatesthatattitudes,subjectivenormsandperceivedbehavioral
controlareeachinfluencedbybehavioral,normativeandcontrolbeliefsofthepersonswhoengage
inthesebehaviors.

Behavioral Intention to Use, Continuance Intention to Use and Actual Behavior
Extantresearchhasshownthatintentionisthebestpredictorofbehaviors(Armitage&Conner,2001;
Winkelnkemper,2014),confirmingearlierpredictionsFishbeinandAjzen(1975)andAjzen(1985).
Itcanbesaidthatasthebehavioralintentiontocarryoutagivenbehaviorincreases,thegreaterthe
tendencytocarrytheactualbehavior.Sincethetargetbehaviorinthisresearchistheuseofanonline
learningmanagementsystem(LMS),thebehavioralintentiontousethesystemwillpositivelyaffect
theactualuseoftheLMS.Continuanceintention(CINT)touseaninformationsystemisdefinedas
theintentiontouseaninformationsystembeyonditsprimaryacceptance.Continuanceelaborates
repeateduseintentionandhasbeenfoundtopositivelyaffectactualusebehavior(Bhattacherjee,
2001;Joo,Kim&Kim,2016).Sincethisresearchemphasizescontinuanceintention,continuance 
intentionwasusedintheproxyforbehavioral intention.
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ATTITUdeS ToWARdS AN LMS

AccordingtotheTPB,attitudetowardsagivenbehaviorreferstoperceivedoutcomesandattributes
to thegivenbehavior,and isdependentonsalientbeliefs to thatbehavior (Conner&Armitage,
1988).Attitudesaresaidtocaptureanindividual’sownevaluationofatargetbehavior,ratherthan
the perceived social pressure to engage in the behavior—social norms. Hence, an individual’s
attitudetowardstheuseofanLMSislikelygoingtoinfluencetheirinitialintentiontouseitand
theirsubsequentintentiontocontinuetouseit,oncetheyhaveexperiencedit.

Itistherefore,hypothesizedthat:

H1A.AttitudestowardstheuseofanLMSwillpositivelyaffectastudent’sinitialintentiontouse
theLMS.

H1B.AttitudestowardstheuseofanLMSwillpositivelyaffectastudent’scontinuingintentionto
usetheLMS.

Subjective Norm
Subjectivenormreferstotheperceivedsocialpressuretoperformornotperformabehavior(Ajzen,
1991,p.188).Inanacademicenvironment,studentsareconstantlyseekingtheopinionsofotherson
importantbehaviorsthatinfluencestudentlife.Thedesireforstudentstocontinuetouseasystem
basedinfluenceofteachersorpeersisplausible.Itisnotunlikelythattheopinionofreferentothers
influencethewaytheyviewcertainbehaviors.Therefore,itcanbesaidthattotheextentreferent
othersthinkpositivelyornegativelyoftheLMS,itwillinfluencethecontinuingusebehaviorofthe
LMS.Thus:

H2A.Subjectivenormswillpositivelyaffectastudent’sinitialintentiontouseanLMS.
H2B.Subjectivenormswillpositivelyaffectastudent’scontinuingintentiontousetheLMS.

Perceived Behavioral Control
TheTPBdepictsbehavioral intentionsasdependentperceivedbehavioralcontrol,definedas the
extenttowhichtheperformanceofabehavioriseasyordifficult(Ajzen,1991).Thisconstructis
quitesimilartoself-efficacyaselucidatedbyBandura(1980).AccordingtotheTPB,wearemore
likelytoengageinbehaviorsinwhichweseemtohavecontrolover,ratherthanbehaviorsinwhich

Figure 1. 
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wehavelittleornocontrolover,holdingintentionconstant.Basedontheforgone,itisevidentthat
asperceivedbehavioralcontroltowardstheuseofLMSincreases,sowilltheinitialintentiontouse
itaswellastheintentiontocontinuetoitsusepasttheinitialusephase.

Itcanbehypothesizedthus:

H3A.Perceivedbehavioralcontrolwillpositivelyaffectastudent’sinitialintentiontouseanLMS.
H3B.Perceivedbehavioralcontrolwillpositivelyaffectastudent’scontinuingintentiontousethe

LMS.

Actual Usage of Technology
Previousresearchhasestablishedtheimportanceofattitude,subjectivenormsandperceivedbehavioral
control indeterminingbehavioral intentionaswellasactualusage (Weigel,Hazen,Cegielski&
Hall, 2014; Mathieson, 1991). Because intention is postulated to predict actual behavior, initial
behavioralintentiontouseanLMSisandthebehavioralintentiontocontinuetousetheLMSare
bothconsideredasproxiesofactualbehavior(Ajzen&Fishebein,1991).Asummaryofresearch
hypothesisisthereforesummarizedinFigure2below.

MeTHodoLoGy

Sample
Thesampleframefromwhichthesamplewasdrawncomprisedundergraduatestudentswhowere
takingclassescompletelyonline.Thismeans that thesestudents,ofnecessity,had todependon
theuseof the learningmanagement system for their learning.The sample consistedof a group
ofundergraduatestudentsusingalearningmanagementsystemforinstructioninamediumsized
MidwesternuniversityintheUnitedStatesofAmerica.Thesampleof248undergraduatestudents
fromwasdrawnfromtwo100-levelaswellasa400-levelclasshealthpromotionandmarketing
classes.Intotal76-male,171-female,and1-undisclosedgenderofstudentsparticipated.Thenumber

Figure 2. Research hypotheses based on TPB
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ofsurveyquestionnairescollectedtotaled254fromadistributedtotalof411questionnaires,fromall
sectionsoftheparticipatingclasses;yieldinga62%responserate.Asummaryofthesedescriptive
parametersareincludedinTable1below.

Measures
Thesurveyitemswereimplementedthroughafive-pointLikertscalemeasure,andscalesusedwere
adoptedfromvalidatedscalesofthepreviousstudies.MorespecificallyforattitudeweusedDavis
(1989);forsubjective normsandperceived behavioral control,Taylor&Todd(1995);behavioral 
intention,Saade&Bahli(2005);andforcontinuance intention,weusedBhattacherjee(2001).The
scaleswereadaptedtofitthecontextofstudy.Consistentwithsocialresearch,demographicvariables
werealsocollectedespeciallygender.

data Analysis Strategy
Thedatathatwerecollectedwereanalyzedusingstructuralequationmodelingtechnique.Basedon
thetheoreticalmodelabove,twoanalyticalmodelsweredesigned:Model AandModel B.Model
A,wherebehavioral intentiontousewasmeasured,andModelBwherecontinuance intentionto
usewasmeasured.Morespecifically,partialleastsquaresstructuralequationmodeling(PLS-SEM)
conductedusing smartPLS (v.3.2.8).The suitabilityofusingPLS-SEM techniquewasbasedon
recommendationsofthegeneralrulesofthumbforthistechniqueasspecifiedbyHair,Hult,Ringle
andSarstedt(2017,p.23).

data Analysis and Results
First,thedatawereassessedformissingorincompletevalues.Missingvalueswereimputedusing
imputationalmethodsrecommendedbyHair,Black,BabinandHanderson(2009;pp.42-64).Where
observationshadmissingdataabove15%, theobservationwasdropped.Also,because indicator
datathatweremissingwerebelow5%,meanvaluereplacementstrategywasusedasrecommended
byHair,Hult,RingleandSarstedt(2017,p.57).Thefinalsamplethereforeconsistedofatotalof
248observations.Thissamplesizewasdeemedappropriateconsideringthefactthatconservative
samplesizeestimatefortheproposedmodelwillrequirea103observationstoachieveastatistical
powerof80%ata5%significancelevelforaminimumR-squareof0.10(SeeHair,Hult,Ringle&
Sarstedt,2017,p.26).

Next,theproposedmodels(Model AandModel B)wererunusingthePLS-SEMtechnique.The
measurementandstructuralmodelevaluationswerealsoconducted.Theconstructsforbothmodels
werelabeledasfollows:Attitude(ATT)withindicatorsATT1, ATT2andATT3;SubjectiveNorm
(SN)hadindicatorsSN1, SN2 SN3;PerceivedBehavioralControl(PBC)withindicatorsPBC1, PBC2, 

Table 1. Descriptive statistics

Gender Classes Participated Number of 
Participants

Total Participants Response Rate 
(%)

Male 76 EmergencyHealthCare 121 196 61.73

Female 171 MedicalTerminology 130 167 77.84

Undeclared 1 DrugUseandAbuse 30 48 38.46

Total 248 281 411
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PBC3;BehavioralIntentionwithindicatorsasBI1, BI2andBI3;andContinuanceIntention(CINT)
withindicatorsCINT1, CINT2, CINT3, CINT4, CINT5.

Measurement Model evaluation
Table2belowshowsasummaryofModel Ameasurementresults.Themeasurementmodelvalues
allowustoassessthereliabilityandvalidityofboththeindicators,constructsandmodelingeneral.
Morespecifically, internalconsistencywasascertainedbyexamining theconstructorcomposite
reliabilityandCronbach’salpha.AscanbeseenonTable2,allthereliabilitytestresultswereabove
the0.70thresholdrecommendedbysocialresearchstandards(Nunnally,1978;Hairetal.,2009).
Next,weevaluatedtheconvergentanddiscriminantvalidityofthemeasurementmodel.Thesetwo
measuresspecifywhethertheindicatorsforeachconstructaretrulyrelatedtotheconstructwhileat
thesametimemeasuringwhethertheconstructsareinfactdifferentconstructs.AsTable2reveals,
allindicatorsloadedontheirconstructsoverthe0.70thresholdrecommendedexceptforPBC1which,
wasdroppedfromtheanalysis.Theaveragevarianceextracted(AVE)wasalsoabovethe0.50level
recommendedforsocialresearch;hence,establishingconvergentvalidity.Toascertaindiscriminant
validity,itisrecommendedthateachindicatorloadstoitsconstructmorethanitdoestoanyother
constructinthemodel,andthatthesquarerootoftheAVEexceedthecorrelationbetweenconstructs.
InTable2,thediscriminantvalidityportionofthetableindicatesshowsthesquarerootofAVEin
thediagonalpositionandtheaveragecorrelationsintheoff-diagonalposition.Asisevident,the
diagonal elements are higher than the off-diagonal ones; demonstrating discriminant validity of
measurementmodel.

Likewise, Table 3 also displays the results of the measurement model for Model B. When
assessedforreliabilityandvalidity,theresultswereequallypositive.Forinstance,allthecomposite
reliabilityandCronbach’salphavalueswereallabovethe0.70thresholdlevel.Constructvalidity
resultsshowedthatallitemsloadedtotheircorrespondingconstructbeyondthe0.70thresholdlevel

Table 2. Results summary of measurement model A evaluation

Latent 
Variable Indicators

Convergent 
Validity

Internal Consistency 
Reliability

Discriminant 
Validity

Loadings AVE Composite 
Reliability

Cronbach’s 
Alpha ATT SN PBC BI

>0.70 >0.50 >0.70 >0.70

ATT

ATT1 0.910

0.844 0.942 0.908 0.919ATT2 0.937

ATT3 0.909

SN

SN1 0.914

0.885 0.959 0.935 0.672 0.938SN2 0.956

SN3 0.945

PBC
PBC2 0.903

0.841 0.914 0.812 0.632 0.571 0.917
PBC3 0.931

BI

BI1 0.934

0.880 0.957 0.932 0.596 0.480 0.542 0.941BI2 0.936

BI3 0.952
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andthattheAVEnumbersweresignificantlyabovethe0.50recommendedlevel.Theconstructsalso
discriminatedagainstoneanotheradequately.ThesquarerootoftheAVEinthediagonalposition
foreachconstructwasclearlyhigherthanthecorrelationbetweentheconstructs;hence,establishing
discriminantvalidity.

Structural Model evaluation
ThestructuralmodelresultsforModel AandModel BareillustratedinFigure3andFigure4below.
Thefiguresshowallconstructs, thecorrespondingpathcoefficients,aswellas theirp-values in
parentheses. The criteria for assessing the structural model in the PLS-SEM is to evaluate the
significanceofthepathcoeffients,thelevelofthecoefficientofdetermination(R-square)andthe
effectsize(Hair,Hult,Ringle&Sarstedt,2017).Pathcoefficientscloseto1demonstratestrong
positiverelationships;andareusuallysignificant.

InModel A,thepathcoefficientstobehavioral intention(BI)fromattitude,subjectivenorms,and
perceivedbehavioralcontrolwere0.383(p<0.05),0.077(p>0.05)and0.256(p<0.05)respectively.
AllbuttheSN-BIpathwasnotsignificant.Thecoefficientofdetermination(R-square)was0.404.In
Model B,thepathcoefficientsleadingtocontinuanceintentionwere0.469(p<0.05),0.243(p<0.05)
and0.117(p>0.05)respectively.Inthismodel,allbutthePBC-CINTrelationswasnotsignificant.
Thevarianceincontinuanceintentionexplainedbypredictorvariableswere0.548.

dISCUSSIoN oF FINdINGS

ThesummaryofthefindingsofthisstudyarepresentedinTable4below.InModel A,theoverall
varianceinbehavioralintentiontousealearningmanagementsystemasexplainedbytheindependent
variables(attitude,subjectivenormsandperceivedbehavioralcontrol)was40.4%.Itisnoteworthy

Table 3. Results summary of measurement model B evaluation

Latent 
Variable Indicators

Convergent 
Validity

Internal Consistency 
Reliability

Discriminant 
Validity

Loadings AVE Composite 
Reliability

Cronbach’s 
Alpha ATT SN PBC CINT

>0.70 >0.50 >0.70 >0.70

ATT

ATT1 0.906

0.844 0.942 0.908 0.919ATT2 0.937

ATT3 0.912

SN

SN1 0.913

0.880 0.957 0.932 0.672 0.938SN2 0.957

SN3 0.945

PBC
PBC2 0.896

0.840 0.913 0.812 0.636 0.574 0.917
PBC3 0.937

CINT

CINT1 0.856

0.712 0.925 0.899 0.706 0.625 0.554 0.844

CINT2 0.838

CINT3 0.815

CINT4 0.862

CINT5 0.845
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Figure 3. Structural Evaluation of Model A

Figure 4. Structural Evaluation of Model B
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thattherelationshipbetweensubjectivenormsandbehavioralintentiontousealearningmanagement
system(LMS)wasnotsignificant.BecausebehavioralintentiontousetheLMSisthesameasthe
initialuseofthesystem;thesefindingsseemtosuggestthatwhentheconcernofastudentisinitial
adoption, the most critical predictors are attitude towards the system and perceived behavioral
control.Inotherwords,themorestudentshaveapositiveattitudetowardssystemuse(attitude)and
feelconfidentthattheyhavecontroloverthesystem(perceivedbehavioralcontrol),themorelikely
theyaretoadoptthesystemforinitialuse.

Ontheotherhand,Model Bshowsthatthetotalvarianceincontinuance intention tousean
LMSasexplainedbyattitudetowardsLMS,subjective normsandperceived behavioral controlwas
54.8%.However,therelationshipbetweenperceived behavioral controlandcontinuance intention
wasnotsignificant.Thisseemstosuggestthatthewhenthegoaloftheuseofsystemislongterm
andrepeatedinnature,themostcriticalfactorsareattitudetowardsthelearningmanagementsystem
andsubjective normsaboutsystemratherthanperceived behavioral controloverthetechnology.

Lookingatthetwomodelstogether,weseethatthetotalvarianceincontinuance intentiontouse
anLMSwasgreaterthanthevarianceinbehavioral intentiontousethesystem.Thissuggeststhat
attitude,subjectivenormsandperceivedbehavioralcontrolarestrongerpredictorsofcontinuance
intentionthanjustinitialintention.Anotherobservationfromtheresultsisthatwhenstudentsare
focusedoninitialorfirsttimeusageofasystem,theyleanmoreonthepersonalbeliefinthemselves
tohandlethetechnologyratherthanonreferentothers.Onthecontrary,whenitcomestocontinuance
intention,theinfluenceofreferentothersintheprocessseemedtobemoreimportantthanjusttheir
personalcontrolbeliefs.

Theresultsofthisstudyrevealedthattherelationshipswithinthetheory of planned behavior
constructsweregenerallyvalidatedat95%confidencelevel.Additionally,thereseemedtobeamajor
differencebetweeninitialintentionandcontinuanceintentiondeterminants.Whilepersonalcontrol
seemedtobenecessaryforinitialtechnologyacceptance,theperceptionofrelevantothersseemed
tobeimportantindeterminingcontinuance intention.

CoNCLUSIoN ANd IMPLICATIoNS

Thepurposeofthisstudywastoexaminetheadoptionoflearningmanagementsystemsthrough
thelensofawell-knownframeworkofthetheoryofplannedbehavior.Specifically,westudiedthe
effectsofattitudetowardsLMS,subjective normsandperceived behavioral controlonuse intention
behaviors.Insteadofjustobservinginitial useintentionbehaviorsalone,wealsotestedtheindependent
constructs against continuance intention and compared the two outcomes. Lastly, we wanted to
knowthesalientdeterminantsofshort-termversuslong-termuse.Theresultsofthisstudywillhelp
educationprofessionalsandresearcherstoconsiderthenatureofinterventionstrategiesthatcanbe
usedtofosteronlineeducationandlearning.

Table 4. Summary of hypotheses testing results

Hypothesis Relationship Proposed relationship Result

H1A ATT-BI Positive Supported

H1B ATT-CINT Positive Supported

H2A SN-BI Positive NotSupported

H2B SN-CINT Positive Supported

H3A PBC-BI Positive Supported

H3B PBC-CINT Positive NotSupported
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Thefindingsofthisstudyleadtothreemajorconclusions.First,thevarianceincontinuance 
intentionasexplainedbythepredictorvariables(i.e.attitude,subjective normandperceived behavioral 
control)wasgreaterthanthevarianceininitialbehavioral intentionexplainedbysamevariables.
Morespecifically,thepredictorvariablesaccountedfor54.8%ofvarianceincontinuance intentionto
usecomparedto40.4%ininitialbehavioral intentiontouseLMS(seeFigure3andFigure4).These
resultsseemtosuggestthatthereexistasignificantlystrongerrelationshipcontinuance intention
andthetheoryofplannedbehaviorpredictorvariablesthanwithjustinitialbehavioral intention.
Continuance intention,thereforeisastrongerdriverofadoptioninthelongtermthanjustinitial
behavioral intentiontouseanLMS.

Second,thefindingsindicatethatsubjective normswerenotsignificantindeterminingbehavioral 
intentiontousebutweresignificantindeterminingcontinuance intention.Thisresultseemstosuggest
thatwhentheuserofanLMS’sintentionistocontinuetousetheinformationtechnology,theopinion
ofsignificantothersweresalientintheirdecisionmaking.However,whentheusagewasmoreshort
termoriented,userstendtorelyontheirperceptionofpersonalaptitudesuchasbehavioral control.

Third,perceivedbehavioralcontrolwasnotsignificantindeterminingcontinuance intention,but
wasverykeyindeterminingbehavioral intentiontouseanLMS.Thisresultseemstosuggestthat
ifthegoalforaninformationsystemislongtermcontinuanceuse,perceptionofpersonalaptitude
andcontrolisnotnearlyasimportantabouttheperceptionofrelevantothers.

Thelasttwofindingsbothpointtotwoimportantoneimportantconclusion.Whenfocusing
onlongtermadoption,whileperceptionsofindividualcontrolmaybeimportant,theperceptionof
relevantothersisevenmorecrucial.Ontheconverse,whenthefocusisshortterm,anindividual’s
perceptionofcontroloverusagebehaviorsarekeytoadoptionthantheconsiderationofjustwhat
relevantothersthink.Onlinelearningpromotersneedtohavetheendgameinmindwhenitcomes
toadoptionoflearningmanagementsystems.Forinstance,ifthegoalistogetanumberofstudents
takeanonlinetest;thestrategywillbetobetousetapintoorbuildtheirpersonalcomfortlevelwith
thetechnology,orusingtheircomfortlevelswithsimilartechnologytheyhaveusedtospurfuture
use.However,iftheendgoalis,forinstance,toearnadegreeonline,thentheinclusionofrelevant
others,suchaspaststudentswhohadsuccessinthepastusingthetechnology,wouldbeimportant
tohighlight.Persuasivestrategiesmustthereforebebuiltwithoverallend-goalinmind.

Nevertheless,regardlesswhetherthegoalisshort-termorlong-term,iftheadoptionofonline
learningistobeencouragedandsustained,persuasivestrategiesthatfocusonthebuildingpersonal
aptitudeperceptionsaswell as relevantothersperceptionmustbeencouragedat the same time.
For instance,whilepromotinganonlineprogram topotential learners, itwouldbe important to
showcasestudentuserswhohavesuccessfullyusedthesystemtogettheirtraininganddegrees.This
way,newerstudentsareinfluencedbythebenefittheystandtogain,andbemotivatedtoadoptthe
system.Also,personalcontrolperceptionsshouldalsobeleveraged.Forexample:Ifonlinelearning
isbeingmarketedtonewstudents,afun,interactivetechnologyexercisecanbegiventothem.After
theymusthavecompletedthisexercise;theyareassuredthatiftheycoulddotheexerciseontheir
own;theycoulddoexactlywhatisrequiredinthecourseorprogram,fromatechnologystandpoint.
Thesetwoapproachesarelikelytodriveadoptionquickerandfastersincetheyactasintrinsicand
extrinsicforcesinboostingadoption.

Theend-goaloftechnologyimplementationhasalwaysbeenitsadoptionbyitsintendedusers
toimproveperformanceandjoboutcomes.Improvedperformanceandbetteroutcomesmeansthat
revenuescanbeincreased,costscanbecut,andprofitscanberaised.Theoverallfindingsofthis
researchshowthatlongtermadoptionoflearningtechnologieslieintheperceptionsofattitudes,
control,andsocialpressure.Themorestrategiesweformulate to improveperceptionalattitudes,
controlandpositivesocialpressure,themorelikelywearetomitigateuserresistance,spuradoption
andultimatelyimproveoutcomes.
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APPeNdIX

Table 5. Questionnaire items

Attitude (ATT)

ATT1 UsingtheLMSisagoodidea

ATT2 IlikeusingtheLMS

ATT3 ItisdesirabletousetheLMS

Subjective norm (SN)

SN1 PeopleimportanttomesupportmyuseoftheLMS

SN2 PeoplewhoinfluencemethinkthatIshouldusetheLMS

SN3 PeoplewhoseopinionsIvaluepreferthatIshouldusetheLMS

Perceived behavioral control (PBC)

PBC1 UsingtheLMSsystemwasentirelywithinmycontrol

PBC2 Ihadtheresources,knowledge,andabilitytousetheLMS

PBC3 IwouldbeabletousetheLMSsystemwellforlearningprocess

Behavioral intention to use the system (BI)

BI1 IintendtousetheLMSsysteminthefuture

BI2 IpredictIwouldusetheLMSsysteminthefuture

BI3 IplantousetheLMSsysteminthefuture

Continuance Intention / Intention to Use (CINT)

CINT1 IwillusetheLMSsystemonaregularbasisinthefuture

CINT2 IwillfrequentlyusetheLMSsysteminthefuture

CINT3 IwillstronglyrecommendthatothersusetheLMSsystem

CINT4 IintendtotakemorecoursesusingLMSsysteminthefuture

CINT4 IintendtoshowothersthisLMSsystem


