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ABSTRACT

eHealthofferspromisingtoolsandservicestomanageandimprovethequalityofhealthaswellas
thepotentialtoprovideaccessiblehealthinformationallovertheworld.Therelativelylowadoption
ratesamongeHealthusersmotivatesustodevelopanintegratedmodeltoexplainthelearningprocess
andprovideessentialantecedentsofeHealthbehavioralintention.Theintegratedmodelisempirically
testedbyusingdifferentstructuralequationmodeling(SEM)methods,includingpartialleastsquares
SEM(PLS-SEM),PLSc,andcovariance-basedSEM(CB-SEM).Themodelsuccessfullyexplains
thelearningprocessandprovidesessentialantecedentsofeHealthbehavioralintention.Thefindings
support the interplayof social, cognitive, andpersonal factors that impact18-30-year-oldusers’
learningprocessrelatedtoeHealthbehavioralintention.Theresultsempiricallyshowthatthesethree
typesofSEMtechniquesprovideconsistentresultswithrespecttopathcoefficientsandcoefficients
ofdetermination.ThefindingsindicatethatCB-SEMandPLS-SEMprovideadverseconsequences
ofinteraction-termpathcoefficients.
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1. INTRodUCTIoN

Theacquisitionofreal-time,on-demandhealthinformationfromtraditionalhealthchannels(e.g.,
hospitals,clinics,andprimarycarephysicians)iscostlyandinconvenientformosthealthinformation
andserviceseekers(Zhangetal.,2017).Tofulfillhealthinformationneedsinatimelyandconvenient
manner,manyusersareseekinghealthinformationandservicesthroughotherchannels.Internet
venuesofferreal-timeaccessibilityforyounguserstoimmediatelysearchforhealthinformation,
exchangehealthinformationeffectively,andcansimultaneouslyfulfilltheneedsofalargenumber
ofusers(Prybutoketal.,2014).Ingeneral,onlinehealthinformationhasgreatpotentialtoboost
thequalityofpersonalhealthcareandtheuseofpreventivehealthbehaviorsbyusers(Hsieh,2016).

AccordingtotheWorldHealthOrganization(WHO),eHealthisarelativelynewtermreflecting
theadoptionof“informationandcommunicationtechnologies(ICT)forhealth”(WHO,2017).In
otherwords,eHealthinvolvesthedeliveryofhealth-relatedinformationandservicesthroughthe
Internet and related technologies (Prybutok, 2014). Users can access the Internet to learn more
abouttheirhealthissues,obtainabasicknowledgeoftheirdiseasesandtreatments,andgetrelevant
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andreliablehealthinformationwhenmakinghealth-relateddecisions(Zhangetal.,2017).Many
healthpractitionersbuildonlinehealthplatforms that storepatients’health information, suchas
healthinsuranceandelectronicmedicalrecords(EMR).Theonlineplatformallowsmoreefficient
interactionsamonghealthprovidersandusers(Hsieh,2016).Zhangetal.(2017)showedthateHealth
improvestheuser’shealthstatusbyprovidingeffectiveprofessionalandsocialsupporttoimprove
personalhealthmanagementanddecisionmaking.eHealthprovidesaneffectivevenuefortimelyand
on-demandaccesstoonlinehealthresourceswithlittleeffort.WHO(2016)showedthateHealthisa
usefultoolandservicetomanageandimprovethequalityofhealthcareandisapromisingsolution
formakinghealthinformationaccessibleacrosstheworld.Individualsandhealthpractitionersuse
onlinehealthvenuesandservicestocomplementtraditionalfacetofaceandprinthealthinformation
channelsandtoencouragehealthylifestylesorproactivehealthbehaviors(Prybutoketal.,2017).
Thus,eHealthcanbenefitbothindividualsandsocietyasawhole(Yietal.,2013).

AlthougheHealthisapromisingtoolandafuture-orientedsourceofhealthinformationand
communication,onlinehealthinformationvenuesstillhavearelativelylowvisitrate(Zhangetal.,
2017).ThelowintentiontouseeHealthandthepaucityoftherelatedliteratureleadtothenecessityto
buildanintegratedmodeltoexaminehow18-30-year-oldusers’social,cognitive,andpersonalfactors
influenceeHealthBehavioralIntention.Fromapracticalstandpoint,understandingwhyusersadopt
eHealthandhowsuchadoptionisincorporatedintotheirdecision-makingprocessallowshealthcare
practitionerstodevelopeffectivepromotionalstrategiestomaximizeuseradoptionandimprovethe
positiveimpactofeHealthonpersonalhealthmanagement.Furthermore,fromthesocialcognitive
perspective,thisstudyexpectsthatusers’eHealthbehaviorsrelatedtoonlinehealthinformationand
serviceswillbeafunctionoftheusers’cognitivejudgmentabouttheirabilitytoadoptandimplement
activitiesrecommendedbyonlinehealthinformationsourcesandservices.

Thisstudyisthefirsttosimultaneouslyexaminetheeffectsofapersonalmotivationalfactor
(HealthInformationOrientation),acognitivefactor(AttitudetowardeHealth),apersonalskillfactor
(eHealthLiteracy),apersonalbehavioralfactor(OnlineHealthBehavior),andasocialfactor(Need
for Online Social Interaction) on the eHealth Behavioral Intention of 18-30-year-old users. The
constructs,definitions,andsourcesarepresentedinTable1.

TheeHealthliteraturesuggeststhatdisparatefactorsdriveeHealthBehavioralIntentionwith
respecttothepopulationof18-30-year-olds,whoarethemostactivegroupofInternetusers(Pew
Research Center, 2017). Guided by well-established theories including Social Cognitive Theory
(SCT)(Bandura,1986),theTheoryofReasonedAction(TRA)(Ajzen&Fishbein,1980),andthe
TheoryofPlannedBehavior(TPB)(Ajzen,1985),theauthorsdevelopanewmodelcapturingthe
mostimportantantecedentsofeHealthBehavioralIntentionforthispopulation.SCTconsidersthe
social cognitive determinants together with the personal determinants and suggests that learned
experiences, social environment, and behavioral capability are the main driving factors of the
learningprocess(Bandura,1998).TRAandTPBprovidethetheoreticalfoundationfortheproposed
relationshipsamongHealthInformationOrientation,AttitudetowardeHealth,eHealthLiteracy,and
eHealthBehavioralIntention.ThemodelnotonlysubstantiallycontributestotheeHealthliterature
butalsohasvalueforhealthprovidersandeducators.Understandingthehealth-relatedbehaviorsof
18-30-year-oldusersenableshealthinformationprofessionalsandeHealthsystemadministratorsto
improveusers’personalhealthmanagementandtheuseofpreventivehealthmeasuresdeliveredvia
theInternettothisuserpopulation.

Toempiricallytesttheresearchmodel,theauthorssurveyed3,06418-30-year-oldcollegestudents
enrolledatastateuniversityinthesouthwesternareaoftheUnitedStatesand,afterdatacleaning,
analyzed1,432validresponsesusingpartialleastsquaresstructuralequationmodeling(PLS-SEM),
PLSc,andcovariance-basedstructuralequationmodeling(CB-SEM)methods.WhilethePLS-SEM
approachseekstomaximizetheexplainedvariancevalueR2oftheendogenous(dependent)latent
constructsusingaregression-basedordinaryleastsquaresestimation,theCB-SEMapproachusesa
maximumlikelihoodestimationtoreproducethetheoreticalcovariancematrix(Hair,Hult,Ringle,
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&Sarstedt,2016).BehavioralandbusinessresearchcontainsnumerousapplicationsofCB-SEMand
PLS-SEM.RecentcriticismofPLS-SEMwithintheoperationsmanagementliterature(e.g.,Guide
andKetokivi,2015;Rönkköetal.,2016;RonkkoandEvermann,2013)resultedinmanyresearchers
publishingsupportforPLS.Thisstudyshedslightonthisargumentbytesting,inthecontextofan
eHealthapplication, theconsistencyofhypothesis testingresults,Rsquares,andgoodnessoffit
indices,whenapplyingdifferentSEMapproaches.Also,respondingtoRingleetal.’s(2012)callthat
researchersshoulduseotherstatisticalfitindicesbesidesR2forabetterevaluationoftheoverallmodel
fitinPLS-SEMmodels,thisstudyisthefirsttocomparethemodelfitindicesofCB,PLS-SEM,
andPLSconanidenticalmodelusingsurveydata.ThestudyalsoaddressesHairetal.’s(2017)call
forfutureresearchbyinvestigatingtheperformanceofSEMmethodswhenusingacomplexmodel
designwithadditionalinteractionterms.

2. INTERNET AS A HEALTH INFoRMATIoN CHANNEL

Advancedtechnologyandtheincreasingdemandforreal-timeinformationfacilitatedtheexpansion
ofonlinehealthvenues,which,inturn,leadtochangesinhealthbehavior.Theworldwideshortageof
healthworkerslikedoctors,nurses,laboratorytechnicians,andmidwivesreachedalmost7.2million
in2017andisexpectedtoreach12.9millionby2035(WHO,2016,2018).eHealthisonepossible
solutionfortheshortagebecauseitprovidespotentialtoolstoaccesshealthinformation,changehealth
behaviors,andpreventthespreadofdiseases(WHO,2016).Providingonlinehealthinformation
andservicesbecameanewtrendinmanyhospitals,clinics,andhealthserviceorganizations.Thus,
healthpractitionersand individuals followed the trend towardadoptingeHealth (Prybutoketal.,
2017).Overall,eHealthisconvenientforhealthorganizations,practitioners,andindividuals.The
availabilityandpotentialvalueofeHealthtoindividualsandhealthcareprovidershavestimulated
currentresearchaimedatimprovingtheunderstandingofthefactorsthatmotivatehealthpractitioners
andindividualstodevelopeHealthBehavioralIntention.

AccordingtoSocialLearningTheoryproposedbyBandura(1969),mediainfluences,social
interactions,anddailyexperiencesarethemainwaysforpeopletoobserveandlearn.TheInternet

Table 1. Constructs, definitions and sources

Construct Definition Source

HealthInformationOrientation theextenttowhichanindividual’sattitudesand
motivationsaredirectedtowardmaintaininga
healthylifestyle.

Dutta-Bergman(2003)

AttitudetowardeHealth theindividual’sinternalwillingnessandabilityto
useeHealthorInternet-basedhealthinformation
sources.

Marton(2003)andRichardset
al.(2005)

eHealthLiteracy theextenttowhichanindividualhastheskills
requiredtofind,evaluate,andappropriatelyapply
healthinformationdrawnfromelectronicsources
tosolveahealthproblem.

NormanandSkinner(2006)

OnlineHealthBehavior theextenttowhichanindividualusesdigital
informationandtechnologytodevelopand
promoteahealthylifestyle.

adaptedfromWeaveretal.
(2010)andEscofferyetal.
(2005)

NeedforOnlineSocial
Interaction

anindividual’sdesiretoexploreandcommunicate
withothersviatheInternet.

contextualizedfromHaridakis
andHanson(2009)

eHealthBehavioralIntention theuser’sintention,basedonhealthinformation
foundontheInternet,toimplementabehaviorto
preventadiseaseormanageapotentialhealthrisk.

HuandSundar(2010)and
Prybutok(2014)
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and social media represent new forms of media communication that can influence users, foster
onlinesocialinteractions,andchangeinformation-seekingbehaviors.Withthedevelopmentofthe
Internetanditsassociatedsocialmediasites,peoplecanobserve,interact,andlearnanytimefroma
convenientandaccessiblelocation.Thewayspeopleaccesshealthinformationandcommunicatewith
healthcareprovidershavealsobeensignificantlychangedbytheInternet.Engetal.’s(1999)studyof
interactivehealthcommunicationemphasizedtheroleoftheInternetasamediatorfortherelationship
betweenpersonalinteractionsandhealthinformation.Internetuserscaneasilycontactotherswho
areafflictedwithsimilarillnesses,gatherhealthinformationtomanagetheirownhealth,andmake
moreinformedhealth-relateddecisions(Suggs,2006).TheInternetandsocialmediaarepromising
toolstospreadimportanthealthcareinformationtothepublicandimproveeHealthliteracy.Inother
words,theyprovidetheopportunityforonlineuserstofind,understand,andappropriatelyapplyhealth
informationtosolvepersonalhealthproblems,and,ultimately,developeHealthBehavioralIntention.

Statisticsindicatedthat99percentof18-30-year-oldsandonly64percentofpeople65years
oldandaboveintheU.S.usedtheInternetin2016(PewResearchCenter,2017).Consequently,the
groupof18-30-year-oldsismorelikelytoencounterhealthcareinformationontheInternetandother
socialmediaplatformsthananyothergroup(Liu,2010).InformationEncountering,describedby
Erdelez(1999),suggestedthatanindividualcanacquireunexpectedandusefulinformationwhile
heorshewasnotactivelysearchingforit,andwasengagedinanotheractivity.Kellyetal.(2009)
appliedInformationEncounteringtotheeHealthcontextandconfirmedthatalthoughsomeInternet
usersdonotactivelysearchforhealthinformation,theycanobtainasubstantialamountofhealth
information through a chance encounter online while seeking information for another person or
purpose.Inaddition,theCentersforDiseaseControlandPrevention(CDC)(2011)publishedThe 
Social Media Toolkitin2011,inwhichtheyprovidedguidelinesforhealtheducatorsontheuseof
theInternetandsocialmediatocommunicateimportanthealthinformationtospecificusergroups.
TheCDCemphasizedtheroleofsocialmediaasaneffectivehealthinformationchannelthatcan
supporthealtheducatorsintheireffortstoprovidetimelyandaccuratehealthinformationtothepublic.

eHealth saves health providers and educators a tremendous amount of time and improves
communicationamongusersandbetweenpatientsandtheirhealthcareproviders.Understandingand
enhancingeHealthinformationaccessandexchangefor18-30-year-oldsareimportantinpromoting
thepersonalhealthbehaviorsofthisagegroup,particularlyintheefforttoreducetheincidenceof
healthconcernshighlyprevalentinthispopulation.Theseincludesuchrisksassexuallytransmitted
diseases(STD)(Prybutok,2013),theincreaseinvaping(McMillenetal.2015;Ungeretal.2016),
increasinguseofmarijuana(Macleodetal.,2004),associatedhealthrisksandopiateaddiction(Jones,
2013;Lankenauetal.,2012;McCabeetal.2005;Zibbelletal.2015).Toimprovethedeliveryof
importanthealthinformationtothisgroupofInternetandsocialmediausers,thisstudydeveloped
andtestedaneHealthrelatedmodeltoinvestigatecrucialfactorsassociatedwiththedevelopmentof
eHealthBehavioralIntentionamong18-30-year-olds.

3. THEoRETICAL BACKGRoUNd ANd HyPoTHESES dEVELoPMENT

Manystudieshavediscussedhealthcare informationseekingbehaviors.Forexample,Godinand
Kok (1996) used the TPB model to explain and predict different health-related categories such
asHIV/AIDS,Oral hygiene, and addictivebehaviors.Han et al. (2012) examined the effects of
socialandpsychologicalfactorsinthecontextofanonlinebreastcancersupportgroup.Nohetal.
(2009)investigatedtheinformationneedsandinformationseekingbehavioramongcervicalcancer
patients.Inaddition,KimandYoon(2012)studiedtheusefulnessofonlinehealthforumplatforms
for providing health information among Korean immigrants. This study generalizes the existing
researchinabroadercontext,whichistheInternetandhealthcareinformationingeneralanddoesnot
focusonanyspecificdiseasesorasinglehealthissue.Thisstudyalsofocusesonthepopulationof
activeInternetuserswhoare18-30yearsoldbyinvestigatingtheinfluenceoftheinterplayofsocial,
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cognitive,andpersonalfactorsontransformingindividualhealthcarebehaviors.Inshort,basedon
thetheoriesofTRA,TPB,andSCT,thecurrentstudydevelopsandtestsanewmodeltoinvestigate
thefactorsthatdrivebehavioralintentionin18-30-year-oldswhouseInternetsourcesaschannels
forhealthinformationandcommunication.

ThisstudyusesBandura’s(1986)SocialCognitiveTheory(SCT)as theprimary theoretical
foundation. SCT, which originates from Social Learning Theory (SLT), (Bandura 1969), stated
that learning isacognitiveprocess inwhich individualsobserve thebehaviorsofothers in their
social environments and, subsequently, learn thesenewbehaviors.Bandura (1986)usedSCT to
explainhowtechnologicalchangestransformindividuals’behaviorsthroughtheinterplayofsocial,
cognitive,andpersonalfactors.Thus,thetheorywasusedtoexplainhowsocial,cognitive,orpersonal
factorsinfluencethelearningprocess.BasedonSCT,thisstudyproposesfivecrucialfactorsinthe
proposedeHealthBehavioralIntentionModel.HealthInformationOrientation,eHealthLiteracy,
andOnlineHealthBehaviorrepresentthreedimensionsofpersonalfactors,includingmotivation,
skill,andbehavior,respectively.Inaddition,AttitudetowardeHealthandNeedforOnlineSocial
Interactionrepresentcognitiveandsocialfactors,respectively.Theauthorsselectedtheseconstructs
byconsideringtheinteractingeffectsofsocial,cognitive,andpersonalfactorsoneHealthBehavioral
Intentioninthispopulation.

Anumberofpriorstudies(e.g.,Hu&ShyamSundar,2010;Marton,2003;Norman&Skinner,
2006;Richardsetal.,2005)haveexaminedfactors,identifiedinspecificagegroups,thatcorrelate
withtheuseoftheInternetandsocialmediatofind,evaluate,andappropriatelyimplementhealth
information.ThisstudyhasdrawnfromtheliteraturetobuildconstructsoftheproposedeHealthmodel.

TheInternetisanimportantsourceofhealthinformationforpeopleofallages,andthosewho
arecommittedtomaintainingahealthylifestylearemorelikelytousetheInternettoobtainhealth
information and services related to their own health concerns. People use eHealth behaviors to
searchforhealthinformationandmonitortheirhealthconditions.Inotherwords,eHealthadoption
isrelevanttotheirmotivationtoseekhealthinformation.Thus,theconstructHealthInformation
Orientation,whichisthewillingnessandmotivationtoliveahealthylifestyle(Choetal.,2014),is
consideredtheinitialdrivingfactorofeHealthBehavioralIntention.AccordingtoSCT,duringthe
processofadoptingeHealth,usersgraduallydevelopanAttitudetowardseHealth(acognitivefactor).
Inaddition,thisstudydeemstheTheoryofReasonedAction(TRA)(Ajzen&Fishbein,1980)and
theTheoryofPlannedBehavior(TPB)(Ajzen,1985)astheoreticalbackgroundsagainstwhichto
examinethecognitivedecision-makingprocessthatresultsinBehavioralIntentionamong18-30-year-
oldeHealthusers.AccordingtoTRAandTPB,beliefsleadtoattitudes.Usingthisrationale,Health
InformationOrientation(thewaythatanindividual’smotivationsandattitudesaredirectedtoward
leadingahealthylifestyle)leadstoAttitudetowardeHealth.

Hypothesis1a:HealthInformationOrientationpositivelyrelatestoAttitudetowardeHealth.

AccordingtoSCT,apersonalmotivationalfactor,HealthInformationOrientation,triggersan
individualtoacquirethenecessarycompetencetoaccuratelyfindandappropriatelyapplythehealth
informationtheyfindontheInternet(Choetal.,2014).Thisabilitytoapplytheknowledgelearned
referstoeHealthLiteracy,anotherimportantdrivingfactorintheproposedmodel.Peoplewhohave
apredispositiontomaintaintheirhealtharemorelikelytolearnanddevelopthenecessaryskillsto
solvetheirownsimplehealthissues.Basedonthesearguments,thisstudyproposesthatanindividual’s
HealthInformationOrientationalsorelatestoeHealthLiteracy(Norman&Skinner,2006).

Hypothesis1b:HealthInformationOrientationpositivelyrelatestoeHealthLiteracy.
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Hu and Sundar’s (2010) study showed that behavioral intention is the degree to which an
individualintendstoadoptanewbehaviorbasedonbothhowheviewshisabilitytobesuccessful
atthebehaviorandbyhowhethinkshewillbeevaluatedbyothersifheperformsthenewbehavior.
Inthisresearchcontext,thisbehaviorwouldbeahealthmanagementordiseasepreventionbehavior
motivatedbyeHealthsources.ConsideringMoormanandMatulich’s(1993)studythatdefinedHealth
InformationOrientationasamotivationtoparticipateinpreventivehealthbehaviors.Choetal.(2014)
arguedthatthehigherthelevelofHealthInformationOrientation,thegreaterthepossibilityforthe
individualtoseekinformationfromvarioussources.Thisstudyestablishesapotentialrelationship
betweenHealthInformationOrientationandeHealthBehavioralIntention.

Hypothesis1c:HealthInformationOrientationpositivelyrelatestoeHealthBehavioralIntention.

TRAandTPBshowthatbeliefsleadtoattitudes,which,inturn,changesusers’intentionand
behavior.Thus,inthiseHealthcontext,AttitudetowardeHealthshouldleadtochangesineHealth
BehavioralIntention.However,usersmustdevelopthenecessaryskillstocompetentlyunderstandand
appropriatelyapplyhealthinformationfoundonlinebeforedevelopingeHealthBehavioralIntention.
Inotherwords,peoplewhoarewillingandabletouseeHealthsourcesaremorelikelytoachieve
eHealthLiteracy.ItisreasonablethateHealthLiteracymediatestherelationshipbetweenAttitude
towardeHealthandeHealthBehavioralIntention.

Hypothesis2:AttitudetowardeHealthpositivelyrelatestoeHealthLiteracy.

Itisreasonabletosuggestthatwhenausercanmorecompetentlyfind,evaluateandappropriately
applyhealthinformationfromonlinehealthresources,itismorelikelythattheuserwillhavethe
BehavioralIntentiontoadopteHealth.PaekandHove(2012)proposedthatperceivedsocialnorms
playan important role ineHealthLiteracy.TheTheoryofReasonedAction (Ajzen&Fishbein,
1980;Fishbein&Ajzen,1977)andtheTheoryofPlannedBehavior(Ajzen,1985)explainedthat
socialnormsareamongthemainfactorsaffectinganindividual’sintentiontoacceptnewtechnology.
Basedonthesestudies,thehigheranindividual’seHealthLiteracy(apersonalskillfactor),thehigher
thepossibilitythatheorshewillchangethehealth-relatedbehaviorasrecommendedbyeHealth
sources.Inotherwords,anindividual’seHealthLiteracypositivelyrelatestotheindividual’seHealth
BehavioralIntention.

Hypothesis3:eHealthLiteracypositivelyrelatestoeHealthBehavioralIntention.

Inadditiontosocial,cognitiveandeHealthLiteracy(apersonalskillfactor)discussedabove,this
studyexaminedtheroleofOnlineHealthBehavior(apersonalbehavioralfactor)inthedevelopment
ofeHealthBehavioralIntention.OnlineHealthBehavior(apersonalbehavioralfactor),contextualized
fromWeaveretal.’s (2010)andEscofferyetal.’s (2005)studies, isan individual’sdesire touse
theInternettodevelopandpromoteahealthylifestyle.Itisnecessarytoemphasizetheassociation
betweenOnlineHealthBehaviorandeHealthBehavioralIntention.Theindividualwhohasmore
frequentOnlineHealthBehaviorwillbemorelikelytoadoptandcarryoutamoreeffectivehealth
behaviorbasedoninformationfromeHealthsources.

Hypothesis4:OnlineHealthBehaviorpositivelyrelatestoeHealthBehavioralIntention.

WithrespecttotherelationshipbetweenHealthInformationOrientationandeHealthBehavioral
Intention, and between Attitude towards eHealth and eHealth Literacy, Need for Online Social
Interaction(asocialfactor)mayinfluencetheindividual’smotivationtofindandexchangerelevant
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healthinformationandtheskillsrequiredtoevaluateandappropriatelyapplythehealthinformation
foundontheInternet.Theserelationshipsimplythepotentialroleof theNeedforOnlineSocial
Interaction in moderating the relationship between Health Information Orientation and eHealth
Behavioral Intention and between Attitude towards eHealth and eHealth Literacy. According to
HaridakisandHanson(2009),NeedforOnlineSocialInteractionisanindividual’sdesiretodiscover
andconnectwithothersviatheInternet.ThegreatertheNeedforOnlineSocialInteraction,themore
frequentlyanindividualparticipatesindiscussionsormeetsnewpeopleonline.Socialmediasites
suchasFacebookandYouTubeprovideenvironmentsinwhichpeoplenotonlycommunicatewith
butalsolearnfromoneanother.Anindividual’sneedtointeractsociallyontheInternetandsocial
mediaincreasestheopportunitytodevelopapositiveopinion(AttitudetowardeHealth)aboutInternet-
basedhealthinformation,aswellastoevaluateandappropriatelyapplythehealthinformationfound
andexchangedontheInternet.

Hypothesis 5a: Need for Online Social Interaction strengthens the positive relationship between
AttitudetowardeHealthandeHealthLiteracy.

Reinforcement Theory (Atkin, 1973, 1985) showed that people prefer to trust information
thatsupportstheirexistingbeliefs.Thus,individualswhobecomefamiliarwithexchanginghealth
information on the Internet develop faith in the information, especially when the information is
consistentwithwhattheyalreadyknow.Oncetheybuildconfidenceintheaccuracyandreliabilityof
theinformation,theyaremorelikelytoadoptthehealthbehaviorspresented,whichresultsineHealth
BehavioralIntention.Inaddition,peoplewhohaveagreaterHealthInformationOrientationwillbe
morelikelytoviewandcommunicatewithotheronlineuserstoacquireandexchangehealth-related
information.Thisonlineinteractioncansubconsciouslychangeanindividual’sbehaviorwithoutany
guidance(Chartrand&Bargh,1999).Therefore,theNeedforOnlineSocialInteractionwillimprove
thechancethatanindividual,whosehasahighdegreeofHealthInformationOrientation,develops
theBehavioralIntentiontoacquireandapplyeHealthinformationtoaddressahealth-relatedissue.

Hypothesis 5b:Need forOnlineSocial Interaction strengthens thepositive relationshipbetween
HealthInformationOrientationandeHealthBehavioralIntention

4. RESEARCH METHod ANd dATA ANALySIS

4.1. Sample and data Collection
Figure1presents theproposedmodel,whichshows therelationshipamongconstructs including
AttitudetowardeHealth,HealthInformationOrientation,eHealthLiteracy,OnlineHealthBehavior,
Need for Online Social Interaction, and eHealth Behavioral Intention. The questionnaires were
contextualizedfromvalidatedsurveyspublishedinacademicjournals.Theonlinesurveywassentto
18-30-year-oldcollegestudentsataSouthwesternuniversitytotestthehypotheses.Also,thesurvey
wassenttomutuallyexclusivecoursestoavoidoverlappeddata.Forexample,theauthorssentthe
surveytodifferentsectionsofthesamecourseaswellastoupper-levelcoursesthatrequiredthe
lowerlevelcoursesasprerequisites.Thequestionnairesalsoaskedparticipantsnottocompletethe
surveyiftheyhavedoneitinothercourses.Facultyagreedtoofferthestudentswhotookthesurvey
extracreditforparticipatingwhileofferingnon-participantsorthefewthathadtakenthesurveyfor
anothercourseanalternateextracreditopportunity.Thesurveywasdistributedto3,064students
viaQualtrics(Qualtrics,2005),awell-knownonlinesurveyplatform,overatwo-weekperiod.The
authors collected 2,008 responses (65.5% response rate). After removing incomplete responses,
responseswhere respondents gave the sameanswer for everyquestion, or responses from those
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outsideofthetargetedagerange,1,432usableresponseswereusedtoanalyzetheproposedmodel.
Thedemographicanalysisillustratesthatthesamplehad47.7%femalesand52.3%males,indicating
aclosegendersplitofthisuniversityconveniencesample.

4.2. Structural Equation Modeling
Structuralequationmodeling(SEM)isapowerfulmultivariateanalyticalmethodusedtoanalyze
theinter-correlationsamongobservedvariablesandlatentconstructsincomplexmodels.Thetwo
primarySEMapproachesarecovariance-basedSEM(CB-SEM),developedbyJöreskog(1973),and
partialleastsquarespathmodelingSEM(PLS-SEM),developedbyWold(1974).AlthoughPLS-
SEMisconsidereda“silverbullet”multivariateanalysismethodtoestimatemodelsinmarketing,
management,managementinformationsystems(MIS),andmanyotherresearchareas(e.g.,Hairet
al.2017;Hairetal.2011;Ringleetal.2012),severalresearchershavequestionedthelegitimacyof
thismethod(e.g.,Guide&Ketokivi,2015;Ronkko&Evermann,2013;Rönkköetal.,2016).For
example,researchers,whoopposetheuseofPLS-SEM,predominantlystatedthateithertheestimated
parameterofPLS-SEMisnotconsistent,orthemethodlacksmodelfitindices.Asaresultofthe
effortstoimprovePLS-SEM,Plesk(Dijkstra&Henseler,2015),inwhichcstandsforconsistency,was
introducedtoimprovetheconsistencyissuesintheconventionalPLS-SEMmethod.Althoughseveral
studiesempiricallycomparetheperformanceofCB-SEMandPLS-SEM(Astrachanetal.,2014),and
PLSandPLSc(Gelhard&Delft,2016),nostudysimultaneouslyexaminestheperformanceofthe
threemethodsinanidenticalresearchcontext.ThisstudyaddsvaluetotherichSEMliteratureby
empiricallytestingthesameeHealthrelatedmodelusingthethreeSEMmethods.Thisstudycompares
theperformanceofeachSEMmethodbyevaluatingtheresultsofpathcoefficients,coefficientsof
determination,andmodelfitindices.Inaddition,thisresearchinvestigatesthemoderatingeffectof
NeedforOnlineSocialInteractiononthepathcoefficientsoftheproposedmodel.

Figure 1. eHealth Behavioral Intention Conceptual framework



International Journal of Healthcare Information Systems and Informatics
Volume 15 • Issue 1 • January-March 2020

28

4.3. Model Assessment
ThisstudyteststhehypothesesbyusingPLS-SEM,PLSc,andCB-SEMmethods.WhileSmartPLS
3.0isusedtoconductthePLS-SEMandPLScmethods,IBMSPSSAMOSisusedfortheCB-SEM
analysis.OlkinandFinn’s(1995)standarderrorestimationwasusedtoinvestigatethestatistical
differenceofRsquaresofexogenouslatentconstructscollectedfromdifferentSEMmethods.Several
testswereconductedwiththerawdatatoconfirmthereliabilityandvalidityofthelatentindicators.
AccordingtoTable2,theresultsofcompositereliability(Wertsetal.,1974)andCronbach’salpha
(Cronbach,1951)foralllatentconstructsexceedthesuggestedthresholdof0.8and0.7respectively
(Nunnally&Bernstein,1994).Theresultsindicatethatthereliabilityoftheindicatorvariablesis
acceptable.Results inTable2 shows that thecorrelationbetweeneHealthLiteracyandAttitude
toward eHealth is relatively high. It is intuitive that the two constructs are naturally correlated
becauserespondentswhohaveahighlevelofeHealthLiteracyaremorelikelytohaveapositive
AttitudetowardeHealth.Althoughthecorrelationof0.625ishigh,itiswellbelowthesquareroot
oftheAVEofeHealthLiteracy(0.831)andAttitudetowardeHealth(0.873).Thus,theFornell&
Larcker(1981)criteriasuggestedthatthehighcorrelationdoesnotaffectthediscriminantvalidity.
Themulticollinearityrelatedissuesarealsoaddressedbecausethevarianceinflationfactors(VIF)
werebelowthethresholdof3(Hairetal.,2011).

Componentfactoranalysiswasusedtotesttheconvergencevalidityofindicatorvariables.The
factorloadingsofallitemsarehigherthanthethresholdof0.7,andthecross-loadingvaluesare
lowerthanthecutoffvalueof0.4(Hairetal.,2016).InTable3,thecross-loadingvalueslowerthan
0.4areleftblankbecausetheauthorschosetosuppresscoefficientswithabsolutevaluesbelow0.4
tomaintainthesimplicityofthepresentation.Theconvergencevalidityattheconstructlevelwas
satisfiedbecausetheaveragevarianceextracted(AVE)ofeachconstructishigherthan0.5(Fornell
&Larcker,1981).ThediscriminantvaliditywasalsovalidsincethesquarerootoftheAVEofeach
constructishigherthanthehighestcorrelationofthecorrespondingconstruct(Fornell&Larcker,
1981).

4.4. Structural Model Results
AccordingtoFigure2,allhypotheses,exceptthehypothesesofinteractionterms,aresupportedby
thethreeSEMmethods.Allpathcoefficientsaresignificantatthe0.001level.ThevaluesofPLSc’s
pathcoefficients,exceptthepathfromeHealthLiteracytoeHealthBehavioralIntentionandfrom
OnlineHealthBehaviortoeHealthBehavioralIntention,arein-betweenthevaluesofPLS-SEM’s

Table 2. Reliability and construct validity

Health 
Information 
Orientation

eHealth Literacy Attitude 
toward 
eHealth

Online 
Health 

Behavior

eHealth 
Behavioral 
Intention

Cronbach’sAlpha 0.918 0.925 0.896 0.835 0.838

CompositeReliability 0.932 0.94 0.928 0.901 0.903

AVE 0.606 0.691 0.762 0.752 0.756

HealthInformationOrientation 0.778

eHealthLiteracy 0.440 0.831

AttitudetowardeHealth 0.462 0.625 0.873

OnlineHealthBehavior 0.271 0.149 0.184 0.867

eHealthBehavioralIntention 0.419 0.412 0.461 0.205 0.869

* The bold diagonal values are the square root of AVEs and the off-diagonal elements are correlations between latent variables
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andCB-SEM’scorrespondingcoefficients.Forexample,thePLSc’spathcoefficientbetweenHealth
InformationOrientationandAttitudetowardeHealthis0.516,whichisin-betweenthePLS-SEM’s
valueof0.470andCB-SEM’svalueof0.589.According to the analysisofpath coefficientsof
eachSEMmethodinTable4,thecorrespondingpathcoefficientsbetweenPLSandPLScarenot
significantlydifferentatthe0.05level.FourcorrespondingpathcoefficientsbetweenPLSandCB-
SEM,andthreebetweenPLScandCB-SEMaresignificantlydifferentatthe0.05level.

AccordingtotheresultsofvarianceexplainedinTable4,threemethodsproducedifferentand
relativelyhighvaluesofRsquaresinthecontextofeHealthrelatedmodels.ThevaluesofPLSc’s
RsquaresofAttitudetowardeHealth,eHealthLiteracy,andeHealthBehavioralIntentionarein-

Table 3. Principal component analysis and model assessment of the dataset

Health 
Information 
Orientation

eHealth 
Literacy

Attitude toward 
eHealth

Online Health 
Behavior

eHealth 
Behavioral 
Intention

HIO1 0.773

HIO2 0.814

HIO3 0.773

HIO4 0.727

HIO5 0.765

HIO6 0.806

HIO7 0.666

HIO8 0.713

HIO9 0.608

eHL1 0.755

eHL2 0.775

eHL3 0.800

eHL4 0.815

eHL5 0.785

eHL6 0.779

eHL7 0.736

ATeH1 0.738

ATeH2 0.764

ATeH3 0.772

ATeH4 0.773

OHB1 0.867

OHB2 0.878

OHB3 0.808

eHBI2 0.683

eHBI3 0.853

eHBI4 0.845

HIO: Health Information Orientation, ATeH: Attitude toward eHealth, eHL: eHealth Literacy, OHB: Online Health Behavior, eHBI: eHealth Behavioral 
Intention.
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betweenthevaluesofPLSandCBmethods.Forexample,theRsquareofeHealthLiteracyfrom
PLScmethod is 49.5%,while the correspondingPLS’s andCB’sR square is 42.4%and57.9%
respectively.AllRsquaresproducedbyPLScandPLSmethodsaresignificantlydifferent.Forthe
modelusingtheCB-SEMmethod,theresultsofthemeasurementmodelindicateagoodfit(NFI=
0.999,CFI=0.999,RMR=0.005,RMSEA=0.021,PCLOSE=.866,GFI=.999,AGFI=.993,
PGFI=.133).ThegoodnessofmodelfitisalsosupportedbyPLS-SEM(SRMR=0.052,NFI=
0.87)andPLSc(SRMR=0.048,NFI=0.84).Theanalysisofinteractionterms,Table6,indicates
theinconsistencyamongthethreeSEMmethods.Thehypothesis5awasmarginallysupportedby
CB-SEM,whilerejectedbyPLS-SEMandPLSc.Hypothesis5bwassupportedbyPLS-SEMand
marginallysupportedbyPLSc,whilerejectedbyCB-SEM.

5. dISCUSSIoN

The proposed theoretical model provides an important contribution to the literature on eHealth
educationandonlinehealthinformatics.Thesupportedhypotheses,highR2,andglobalfitindices
supporttheappropriatenessoftheproposedmodeltounderstandthedecision-makingprocessof
18-30-year-oldhealthinformationseekers.TheresultsshowthatHealthInformationOrientation,
AttitudetowardeHealth,andOnlineHealthBehaviorareimportantantecedentsofeHealthLiteracy
andeHealthBehavioralIntentionforthecollegestudentsample.Theresultssupporttheuseofsocial
cognitivetheory(SCT)asatheoreticalbackgroundtoinvestigatehowtheInternetistransforming
individuals’behaviorsthroughthecomplexinteractionsofsocial,cognitive,andpersonalfactors.
Theresultsshowthattheinterplayofapersonalmotivationalfactor(HealthInformationOrientation),
acognitivefactor(AttitudetowardeHealth),apersonalskillfactor(eHealthLiteracy),apersonal
behavioralfactor(OnlineHealthBehavior),andasocialfactor(NeedforOnlineSocialInteraction)

Figure 2. PLS-SEM and CB-SEM results
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hasanimportantinfluenceonthe18-30-year-oldyoungadults’eHealthBehavioralIntentionfrom
thesocialcognitiveperspective.TheSCT illustrates thatpeople’scompetency includesnotonly
technicalskillsbutalsoself-confidenceintheirabilitytosuccessfullyemploytheseskills(Bandura,
1988).First,18-30-year-oldadultsdevelopeHealthrelatedcapabilitiesthroughobservationsofhow
othersuse the Internetasachannel toseekhealth-related informationandservices.When these
youngadultsbelievetheyareabletouseeHealthresources,theyutilizetheInternetwiththesupport
oflearnedonlinehealthbehaviortoseekhealth-relatedinformationandservicesmoreefficientlyto
preventspreadingdiseasesortomakeotherimportanthealthdecisions.Later,theseeHealthusers
elevatetheirintentionstousetheInternetasavenuetoassistinpersonalhealthmanagementorto
maintain ahealthy lifestyle.The results provide evidence that the integratedmodel successfully

Table 4. Results of path coefficients and variance explained

Path 
Coefficient

SD Path 
Coefficient

SD Path 
Coefficient

SE

PLS-SEM PLSc CB-SEM

HIO→ATeH 0.470 0.026 0.516 0.027 0.589 0.022

HIO→eHL 0.193 0.025 0.174 0.033 0.149 0.021

ATeH→eHL 0.537 0.027 0.597 0.034 0.636 0.020

eHL→eHBI 0.287 0.029 0.318 0.032 0.112 0.032

OHB→eHBI 0.096 0.024 0.102 0.031 0.060 0.015

HIO→eHBI 0.269 0.029 0.294 0.035 0.423 0.028

R2 SE R2 SE R2 SE

ATeH 0.220 0.0192 0.267 0.0199 0.327 0.0202

eHL 0.424 0.0197 0.495 0.0187 0.579 0.0169

eHBI 0.254 0.0198 0.315 0.0202 0.317 0.0202

*All path coefficient significant at the 0.001 level.

Table 5. Analysis of path coefficients and variance explained

Change t-value p-value Change t-value p-value Change t-value p-value

PLS vs PLSc PLS vs CB PLSc vs CB

HIO→ATeH -0.046 1.228 0.220 -0.119 3.495 0.000 -0.073 2.097 0.036

HIO→eHL 0.019 0.459 0.646 0.044 1.348 0.178 0.025 0.639 0.523

ATeH→eHL -0.06 1.382 0.167 -0.099 2.947 0.003 -0.039 0.989 0.323

eHL→eHBI -0.031 0.718 0.473 0.175 4.054 0.000 0.206 4.554 0.000

OHB→eHBI -0.006 0.153 0.878 0.036 1.272 0.203 0.042 1.220 0.223

HIO→eHBI -0.025 0.550 0.582 -0.154 3.822 0.000 -0.129 2.879 0.004

R2 R2 R2

ATeH -0.047 1.700 0.089 -0.107 3.841 0.000 -0.060 2.117 0.034

eHL -0.071 2.615 0.009 -0.155 5.974 0.000 -0.084 3.334 0.001

eHBI -0.061 2.157 0.031 -0.063 2.228 0.026 -0.002 0.070 0.944
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explainsthelearningprocessandessentialdrivingfactorsthataffect18-30-year-oldadults’eHealth
BehavioralIntention.

Thismodelprovidesafoundationandallowsfuturemodificationthatcanextendtheresearch
targettootherpopulationgroups.Thevalidatedmodelalsohassubstantialpracticalimplicationsfor
healthinformationprofessionals,eHealtheducators,andhealthpractitioners.Theeffortstounderstand
theonlinehealth-relatedbehaviorof18-30-year-oldcollegestudentsand toprovide themhealth
managementanddiseasepreventioninformationcanbefosteredbyusingonlinehealthinformation
channels.Asdiscussedabove,18-30-year-oldadults learnnewbehaviors through theprocessof
reinforcementofrewardsandpunishments.Rewardingtheexperienceofusinganewbehaviorcan
enhancethebeliefsofusersaboutitandelevateusers’competenciesofusingthenewbehavior.As
aresult,usersaremorelikelytoadjusttheiractionstothenewbehaviors.Theresultsalsoindicate
thatacognitivefactor(AttitudetowardeHealth)contributestoenhancingone’sskills infinding,
understandingandappropriatelyapplyinghealthinformation(eHealthLiteracy),whichinturn,leads
togreaterBehavioralIntentiontoadopteHealth.

This study also provides important practical implications. For example, health practitioners
andeducatorscanaddtextorvideotutorialstotheirwebsitetointroduceinformationabouthealth
management,methodstopreventdiseaseortreatmentoptionstopotentialeHealthusers.Gaining
moreknowledgeandconfidenceinusingtheInternetasavenueasanefficienthealthresourcewould
leadtohigherintentiontouse.Inaddition,theresultsshowthatNeedforOnlineSocialInteraction
significantlymoderatestherelationshipbetweenAttitudetowardeHealthandeHealthLiteracy,as
wellastherelationshipbetweenHealthInformationOrientationandeHealthBehavioralIntention
atthesignificancelevelof0.10.Inotherwords,socialfactorssuchastheNeedforOnlineSocial
InteractioncouldenhanceeHealthBehavioralIntentionamongyoungadultusers.Thus,theresults
suggestthatonlinehealthpractitionerscancreatevirtualcommunitiesoronlinegroupstoencourage
health-orientedsocialsupportandinteractionsamongonlineusers.Moreover,healthcareproviders
orhealtheducatorscanutilizetheInternetandsocialmediasitessuchasFacebook,Twitter,and
YouTube to develop and motivate Online Health Behavior, Health Information Orientation, and
eHealthLiteracy.ThesedevelopmentscanimproveeHealthBehavioralIntention.

ThefindingsalsocontributetotheSEMliterature.ContradictingAstrachanetal.’s(2014)study,
inwhichonehypothesisisrejectedusingCB-SEMwhileitisacceptedusingPLS-SEM,thisstudy
showsconsistenthypothesistestingresultswhenusingeitherPLS-SEMorCB-SEM.Theresultsare
morereliablebecausethisstudyaddressesalllimitationssuchasone-itemconstructandacomparison
ofdifferentmodelstructuresinAstrachanetal.’swork.ThefindingspartiallycontradictGelhardand
Delft’s(2016)study,whichunderestimatedtheuseofPLSc.AlthoughPLSc’spathcoefficientsare
notsignificantlydifferentfromcorrespondingPLS’sresults,theresultsshowsignificantimprovement

Table 6. Analysis of interaction terms

PLS-SEM PLSc CB-SEM

Path 
coefficient

p-value Path 
coefficient

p-value Path 
coefficient

p-value

HIO→eHBI 0.263 0.000 0.287 0.000 0.424 0.000

NSI→eHBI 0.051 0.038 0.064 0.044 0.026 0.053

HIO*NSI→eHBI -0.042 0.038 -0.053 0.054 -0.007 0.601

ATeH→eHL 0.538 0.000 0.600 0.000 0.636 0.000

NSI→eHL -0.003 0.906 -0.005 0.812 -0.004 0.681

Ateh*NSI→eHL 0.042 0.244 0.047 0.178 0.020 0.051

NSI: Need for Online Social Interaction
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bycomparingthenumberofsignificantpathcoefficientsbetweenPLSvs.CB-SEM,andPLScvs.
CB-SEMinTable5.Inaddition,allRsquarevaluesofPLSandPLScaresignificantlydifferent.
Thus,compared to traditionalPLS,PLScmade importantcorrections in termsofpathestimates
andvarianceexplainedcoefficients.ThevaluesofmostPLSc’spathcoefficientsandallPLSc’sR
squaresarein-betweenthecorrespondingvaluesofPLSandCB.ThisfindingsupportsDijkstra’s
(2010)work,whichindicatedthatthevaluesofcorrelationsbetweenlatentvariablesandtheR2sof
endogenousconstructsareunderestimatedintheconventionalPLS-SEMapproach.Dijkstra’s(2014)
PLSc successfully handled the PLS’s consistency issues with respect to both path and variance
explainedcoefficients.

Despitetheexpecteddifferenceincoefficientresults,bothmethodsprovidesimilarresultswith
respecttohypothesistesting,whichisoftenthemaingoalofastudy.Thus,assupportedinHairetal.
(2011),theuseofPLSc,PLS-SEMorCB-SEMshouldalsodependonresearchgoals.Ifthegoalis
exploratoryorpredictingkeydrivingfactorsinamodel,PLScandPLS-SEMshouldbeconsidered.
Incontrast,ifthegoalistheorytestingorconfirmation,CB-SEMshouldbeused.Ifthepurposeof
astudyistofindthecoefficientvaluestomeasurethestrengthoftherelationshipbetweenlatent
variables,PLScorCB-SEMshouldbeusedsincetheyproduceresultsthataremoreconsistent.

Accordingtotheresultsofthegoodnessoffitindices,allthreeSEMmethodsprovidegood
modelfitindices.ThisstudyisthefirsttocomparetheSRMRandNFIindicesofthePLSandPLSc
methodswithotherCB-SEMfitindicesinaneHealthcontext.Althoughtheuseoffitindicestoassess
theoverallmodelfithasnotbeendiscussedin-depthinPLS-SEMliterature,thefindingssupportthe
consistencybetweenPLScandPLS-SEM’sSRMRorNFIindicesandotherfitindicesinCB-SEM.
Thisstudyrecommendstheuseoftheseindicesbecauseofthebenefitandtheconsistencyinthe
resultsprovidedbythethreeSEMapproaches.

Hairetal.’s(2017)studyinspiredustoextendthecomparisonofPLSandCB-SEMinamore
complexmodelinwhichinteractiontermsareincluded.Withtheappearanceofinteractionterms,
theresultsfromSEMmethodsarenolongerconsistent.TheNeedforOnlineSocialInteractionis
statisticallysupportedbytheCB-SEMmethodtoincreasethestrengthoftherelationshipbetween
AttitudetowardeHealthandeHealthLiteracybutisnotsupportedbythePLSandthePLScmethods.
Similarly, the impact of Need for Online Social Interaction on the relationship between Health
InformationOrientationandeHealthBehavioralIntentionissupportedbyPLSandPLSc,butnot
bytheCB-SEMmethod.Thus, thisstudycannotprovideanyreliableconclusionbasedonthese
inconsistentresults.

6. FUTURE RESEARCH ANd CoNCLUSIoN

ThisstudydevelopsandtestsaneweHealthmodelthatidentifiesthemainantecedentsofeHealth
Behavioral Intention, including Health Information Orientation, Online Health Behavior, and
eHealthLiteracy.ThefindingsaddvaluetobothexistingeHealthliteratureandhealthcarepractices.
Althoughthefindingsarepromising,severallimitationsexistinthiswork.Thediversesampleof
collegestudentscoversabroadandessentialsubsetof18-30-year-oldadultsingeneral.However,the
authorsareawarethat18-30-year-oldcollegestudentsmightnotberepresentativeofthepopulation
of18-30-year-oldeHealthusers.Accordingly,aswithmoststudies,alargerandbroaderpopulation
willbeneededtoconsiderthegeneralizabilityoftheresults.Theuseofonlinehealthinformation
andservicesisavoluntaryaction.Thefindingsmightnotcoveramandatoryuserequiredbyspecific
eHealthenvironment(e.g.,anEHRisrequiredforanissuede-Prescription).Thus,itleavesaroom
forfutureresearchtoimprovethisstudy.

ThestudyinvestigatestheperceptionsofrespondentsaboutInternetsourcesingeneral.Itmeans
that,besidesthereliableinformationfromwell-recognizedsourcessuchasCDC,NationalInstitutes
ofHealth (NIH),governmenthealthcaresites,orNIH, thesourcesmay includemanyunreliable
websitesorsocialmediasitesprovidingmisinformation.Theanalysisofparticipants’perceptions
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showsthat71.8%,65.4%,65.5%,and61.9%oftherespondentsarelikelytocareabouttheaccuracyof
information,thecredibilityoftheauthor,thecurrencyofinformation,andthecitationforinformation,
respectively.Inaddition,apriorresearch(Prybutok&Ryan,2015)foundthatasimilargroupof
respondentswaslikelytousethefirstsourcethatisprovidedtoanonlinesearch,whichalsoraises
aquestionabouthowwelltheusersarescreeningthesourcesforcredibility.Thisisnotaclaimthat
therespondentsdonotcareaboutthequalityoftheinformationbecausetheresultsindicatethat
theyarelikelytohaveconcernsbutdoesraiseaconcernabouttheirdiligenceinscreening.Thus,it
isnecessaryforhealthcareprovidersandeducatorstoremindusersabouttheimportanceofreliable
sourcesandtheplethoraofmisinformationavailableontheInternet.Futureresearchissuggested
thatfocusesonthespecifictypesofinternetsourcesaswellashowtoidentifysimple/uninformed
sitesversusmorecrediblehealthcareproviderplatforms.

TheproposedmodelprovidesanoverviewofeHealthbehavioralintentionandispotentially
applicable to similar or varied population groups in other developed or developing countries.
Understanding the eHealth behavior of 18-30-year-olds is key to improving personal health
management,providingeasieraccesstohealthinformationandpreventingtheincreaseofnegative
health behaviors such as vaping, use of marijuana, opiate or other drug use, and activities that
resultinSTDs.TheproposedmodelemphasizesthepowerofeHealthandprovidespublichealth
administratorsandeducatorswithavaluableandaccessibletooltohelpchangehealthbehaviorsof
youngpeopleages18-30years.

ThisresearchperformsandcomparestheuseofPLS-SEM,PLSc,andCB-SEMmethodsonan
eHealthmodelusingasimilardataset.Thefindingsofthesedifferentmethodsprovideconsistent
resultsforhypothesistestingandcoefficientdeterminationR2.Again,thesefindingscontradictedthe
resultsinAstrachanetal.’s(2014)study.ByaddressingalltheproblemsofAstrachanetal.’smodel
designs,theresultssupporttheuseofallthreeSEMapproachesforhypothesistestingpurposesin
reflectivemodels.Inaddition,thisstudyisthefirsttoinvestigateCB-SEM’sglobalfitindicesand
recentlydevelopedPLS’sandPLSc’sfitindices.TheresultsofSRMRandNFIretrievedfromthe
PLS-SEMandPLScapproachesarerelativelyconsistentwithotherfitindicesprovidedbyCB-SEM.
ThetestedresultsempiricallysupporttheuseofSRMR,NFI,andotherPLS’spotentialfitindicesin
futureresearch.ThefindingsrecommendthatPLSandPLScusersshouldnotdependonlyonthese
overallfitindicestoevaluateamodelwithoutconsideringotherfactorssuchaspathcoefficient,R2,
andtheory.

The findings support the guidelines proposed by Sarstedt et al. (2016) that CB-SEM is
recommended for use with models with only reflective constructs. However, these findings
recommendtheuseofPLScoverPLS,whenCB-SEM’smatrixresultsarenotdefinite.TheCB-
SEM’sconvergence issueoccursoftenwhen themodel is toocomplexor thesamplesize is too
small.Insomehealthcare-relatedstudies,likeinterviewingpeoplelivingwithHIV,asmallsample
sizeiscommonandunderstandablebutisstillveryvaluable.Inthesecases,PLSandPLScshould
be considered.The findings in the current research support thevalidityofPLSandPLScSEM
techniquesandhopefullydiscouragestheirarbitraryavoidance.IncontrasttothefindingofGelhard
andDelft’s(2016)study,thisstudyfindsthesignificantdifferencebetweentheresultsofPLS’sand
PLSc’spathestimatesandRsquares.Accordingtotheresults,PLScsignificantlyoutperformsPLS
withrespecttotheconsistencyofpathcoefficientestimatesinreflectivemodels.Thisresultdirectly
supportsthefindinginDijkstraandHenseler’s(2015)studyandassuchprovidessomeclarification
aboutthefindingsofGelhardandDelft’s(2016)research.Inshort,thefindingsemphasizethemodel
anddataspecificrelationshipsassociatedwiththechoiceofamethodology.

Thecoefficient resultsproducedbyCB-SEM,PLS,andPLScareno longerconsistentwith
interaction-termpathcoefficientestimates.TheuseofSEMonmodelswithinteractiontermshasnot
beenwelldevelopedintheliterature.Thisstudyshowstheimportanceofconductingfutureresearch
that clarifies which SEM method provides more reliable interaction term estimates. This study
comparestheuseofCB-SEM,PLS,andPLSconamodelwithinreflectiveconstructs.Futureresearch
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mayincludeothercomposite-basedSEMapproachessuchasGeneralizedStructuredComponent
Analysis (Hwang, 2009). In addition, future research can extend the comparison on formative
measurement models because PLS-SEM can handle models with both formative and reflective
constructs,whileCB-SEMhaslimitationsinhandlingformativemeasureswithoutappropriatemodel
specifications(Dolce&Lauro,2015).
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