


anddepletedof cognitive,emotional,andphysicalresources.It is thecentraldimensionof
Burnoutandrepresentsindividual stress.Cynicismisdefinedasanegative,callous,and
detachedattitudetowardsothers.It is theinterpersonaldimensionof Burnout.Inefficacyis
definedasfeelingsof incompetence,low productivity,andlow achievement.It is theself-eval-
uativedimensionof Burnout.

Severalsituationalandindividual factorshavebeenassociatedwith theprevalenceof the
BurnoutSyndromein theworkplace[2, 3]. Situationalfactorsincludequantitativejob
demands(workloadandtime pressure),qualitativejob demands(conflictingdemandsand
lackof information), job resources(socialsupport,information,control, feedback,participa-
tion, andautonomy),occupationalcharacteristics(cognitiveandemotionaldemands)and
organizationalcharacteristics(valuesimplicit in organizationalprocesses).Theindividual fac-
tors includedemographicvariables(age,gender,maritalstatus,andlevelof education),per-
sonalitycharacteristics(consciousness,hardiness,copingstrategies,neuroticism,type-A
behavior,andJungianpersonality)andjob attitudes(expectations).

With thepublicationof theMBI±GeneralSurvey(MBI-GS)it becamepossibleto studythe
BurnoutSyndromeoutsideof thehumanservices[4±6].Psychometricresearchwith the
MBI-GSdemonstratedthat thethree-factorstructureis invariantacrossvariousoccupations
[7, 8]. In recentyears,theBurnoutSyndromehasbeenmeasuredin collegestudentsusingthe
MaslachBurnout Inventory±StudentSurvey(MBI±SSi)[9±11].StudentBurnout(SB)canbe
definedasexhaustiondueto studydemands,acynicalanddetachedattitudetowardsthevalue
of schooling,andfeelingsof academicinefficacy.Its three-factorconceptualizationhasbeen
confirmedin multiple samplesfrom differentcountriesandstudyareas[9, 12±17]andits con-
currentvalidity assessedagainstothermeasuresof burnout [18].

In theworkplace,burnout isaseriouscondition thathasbeenlinked with multiple physical
andpsychologicalconditionssuchasheartdisease[19], depressivesymptoms[20], and
impairedcognitiveperformance[21]. Severalparallelscanbedrawnfrom thework contextto
theacademiccontext.Theworkloadin theacademiccontextcorrespondsto studydemands
(deliveringassignments,preparingpresentations,studyingfor tests,etc.).Whenhighcognitive
demandsmeettime pressure,asituationthat isverylikely to occurat theuniversitylevel,stu-
dentsmayexperienceseverechronicstresswhich,overtime,canleadto Burnout [9, 22].In
studentpopulations,theBurnoutSyndromehasbeenlinkedwith suicidalideation[23], physi-
calandpsychologicaldistress[14,24],schooldropout [17,24],andpooracademicperfor-
mance[9]. Giventheassociationof thisSyndromewith theseadverseconditions,thestudyof
thepossiblecausesandconsequencesof burnout in theacademiccontextisof greatimpor-
tanceto publichealth.

Burnoutcanloweracademicengagementlevels,suchasclassattendance,submissionof
schoolwork,andfollowing teachers'instructions[25,26].In thisstudy,StudentEngagement
(SE)isconceptualizedasathree-factorconstructthat includesbehavioral,emotional,andcog-
nitive dimensions[27±29].Behavioralengagementisdefinedasstudents'participationin
classroomtasks,studentconduct,andparticipationin school-relatedextracurricularactivities.
Cognitiveengagementisdefinedasthestudents'investmentandwillingnessto exertthenec-
essaryeffortsfor thecomprehensionandmasteringof complexideasanddifficult skills.Emo-
tional engagementisdefinedasattentionto teachers'instructions,perceptionof school
belonging,andbeliefsaboutthevalueof schooling.Engagementandburnout canbeseenas
two polesof anengagement-burnoutspectrum,whereburnout isseenastheerosionof
engagement[3]. However,thisconceptualizationignoresthefactthatpeoplewith low levelsof
burnoutmaynot beengagedin their work [9]. If weconsiderthatSEandSB,althoughnega-
tivelycorrelated,arenot conceptualopposites,theinteractionbetweenthetwo variables
becomespossible.In thisview,SEandSBcanbebothacauseandaconsequenceof each
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other:high levelsof burnout canleadto adecreasein engagement;high levelsof engagement
canbeaprotectivefactoragainstburnout.Althoughthesetwo dimensionsinteract,weexpect
studentburnout to benegativelycorrelatedwith studentengagement,academicperformance,
andpositivelycorrelatedwith dropout intention. In this research,wealsoanticipatethepoten-
tial effectsof copingstrategies,socialsupport,courseexpectations,teachercompetence,and
theneedfor medicationasexplanatoryvariablesfor studentengagementandburnout.

Copingstrategiescanbedefinedaseffortsto avoidor decreasethreatsandreduceassoci-
atedstress[30,31].In general,copingstrategiescanbedividedinto two categories:activeor
positivecoping(seekinginformation,seekinghelp,seekingsocialsupport,planning,and
acceptingor reframingproblemswith humor or faith) andpassiveor negativecoping(dis-
engagement,self-distraction,denial,self-blame,substanceabuse,venting,etc.),althoughother
divisionsarepossible,suchasemotion-focusedcopingstrategiesandtask-focusedcoping
strategies[32,33].Passivecopingisoftenmaladaptivebecauseit employsemotion-oriented
strategiessuchasrumination or excessiveemotionalresponses[34]. Maladaptivecopinghas
beenpreviouslylinked to studentburnout [35]. Activeandpassivecopingstrategiesareassoci-
atedwith atendencyto haveanexternalor internal locusof control.Peoplewhohaveaten-
dencyfor externalattributionsbelievethatoutcomesarenot dependentupontheir actionsbut
rathertheresultof powerfulothersor dueto chance[36]. Peoplewith aninternalattribution
stylebelievethatoutcomesaretheresultof their ownability andeffort.A passiveandavoidant
copingstyleisoftenassociatedwith externalattributions,whileanactiveconfrontativecoping
styleisoftenassociatedwith internalattributions.A passiveandavoidantcopingstyleisasso-
ciatedwith low levelsof hardiness(involvementin dailyactivities,senseof control overevents
andopennessto change),poorself-esteemandexternallocusof control,whichtypicallycon-
stitutetheprofile of astress-proneindividual [2]. A passivecopingstylemaybedetrimentalto
students'attitudestowardsacademicchallengesasit incentivizesstudentsto avoidtheir prob-
lems.For instance,studentsmaybelievethatanexistingproblemisexternalandthat thereis
nothing that theycando to improvetheir situation.Thisattitudecanleadstudentsto fall into
adownwardspiralof academicdisengagementthat leadsthemfurther andfurther awayfrom
meetingtheir academicdemands.Our expectation,to betestedin thisstudy,is thatanegative
copingstyleispositivelyassociatedwith burnoutandnegativelyassociatedwith student
engagement.

It is important to notethatacademicdemandsarenot theonly stressorthatstudentsmust
dealwith at theuniversitylevel.Otherchallengesincludepeerpressureandcompetition,lim-
itedsocioeconomicpower,anddistancefrom homeandfamily,amongothers[37±39].One
important predictorof perceivedstressamongcollegestudentsissocialsupport[40±43].Stu-
dentsocialsupportcanbedefinedashavinggoodrelationshipswith family members,friends,
colleaguesandprofessors.Studentswith goodsocialsupportfeelloved,esteemed,andvalued
bypeoplearoundthem.Socialsupportis important because,in addition to theemotionalsup-
port andinstrumentalassistance,it reaffirmsthevalidity of thestudents'membershipin the
academicenvironment,building on coremotivationalvalues.Thisnetworkof personalrela-
tionshipsprovidesstudentswith theemotional,financial,andinformationalsupportneeded
to preventandendurethehigh levelsof stressexperiencedin theacademiccontext[44]. We
expectsocialsupportto benegativelyassociatedwith studentburnoutandpositivelyassociated
with studentengagement.

Finally,wefocuson courseexpectations,students'evaluationof teachercompetence,and
theneedfor medicationaspredictorsof studentengagementandburnout.Courseexpecta-
tionsareakeymotivationalfactorthatpromotesengagement[45] andtheir absenceisarisk
factorfor studentburnout [46]. Teachercompetenceisanothercentralmotivationalfactor
thatpromotesstudentengagement[47]. Lastly,theneedfor medicationfor medicalreasons
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hassubstantialprevalenceamonguniversitystudentswhichmayhaveseriouseffectson stu-
dentengagement[48].

In this research,our first aim is to assessthepossiblecausesandconsequencesof student
engagementandburnout.Weexpectthatsocialsupport,copingstrategies,courseexpecta-
tions,teachercompetence,andtheneedfor medicationwill significantlypredictstudentburn-
out (H1) andengagement(H2). Wealsoexpectstudentburnout (H3) andstudent
engagement(H4) to besignificantpredictorsof subjectiveacademicperformance,anddrop-
out intention.Our secondaim is to assessthemoderationeffectthatstudentengagementhas
on therelationshipsbetweenstudentburnout andeachof thecriterion variables.Weexpect
thatstudentengagementwill actasaprotectivefactoragainsttheeffectsof studentburnout
(H5). Theexpectedrelationshipsbetweenconstructscanbefound in themodelpathdiagram
in Fig1.Our final aim is to testthestructuralinvarianceof thismodelacrossdifferentgenders,
areasof study,andcountries/regions(H6).

2 Materials and methods

2.1. Procedures

An onlinequestionnairewascreatedusingtheQualtricsplatform.Theorderof appearanceof
thescaleswererandomizedbetweenparticipantsandonly fully completedquestionnaireswere
consideredfor further analysis.At theendof thequestionnaire,participantsansweredaseries
of sociodemographicandacademic-relatedquestions.Thesurveywasdesignedto take15min-
utesto complete.Thecontent,objectives,duration,risks,datapolicy,ethicsapproval,andcon-
tactswereprovidedat thestartof thequestionnaire.Thestudywasproperlyvalidatedby
ISPA-InstitutoUniversitaÂrio EthicsCommission(Process:I/017/02/2019)andby theNorthern
Illinois UniversityInternationalReviewBoard(decision1504/2014;FWAA00004025).
Informedconsentwasobtainedfrom all individual participantsin thestudy.All procedures

Fig 1. Student burnout and engagement mediation and moderation model. CE= CourseExpectations,
TC = TeacherCompetence,NM = Needfor Medication,PC= PositiveCoping,NC = NegativeCoping,SS= Social
Support,SB= Student Burnout,SE= StudentEngagement,SB�SE= Interaction betweenSEandSB,DI = Dropout
Intention,AP= AcademicPerformance.Forclarity,directeffectsof theexogenousvariables(CE,TC,NM, PC,NC,
SS)on theendogenousvariables(DI, AP)areomitted.Plussignsindicatepositiveexpectedeffectandminussigns
indicatenegativeexpectedeffect.Seefurther textfor hypothesis(H1 to H5).

https://doi.org/10.1371/journal.pone.0239816.g001
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performedin studiesinvolvinghumanparticipantswerein accordancewith theethicalstan-
dardsof theInstitutional EthicsResearchCommitteeandwith the1964Helsinkideclaration
andits lateramendmentsor comparableethicalstandards.

2.2. Participants

Theminimum samplesizerequiredfor confirmatoryfactoranalysisfor theUSEImeasure-
mentmodel(themodelwith thelargernumberof parametersto estimate)wasdeterminedby
Monte-CarlosimulationassuggestedbyBrown[49] with criteriadefinedbyMutheÂn and
MutheÂn [50]: (a)Biasof parametersestimatessmallerthan10%;(b) 95%confidenceintervals
coveragelargerthan91%and(c) percentageof significantcoefficients(power)largeror equal
to 80%.Mplussoftware(version8,MutheÂn & MutheÂn, LosAngeles:CA) wasusedfor simula-
tionswith thesecond-orderconfirmatoryfactoranalysismodelusingfactorloadingsfrom the
originalUSEIstudy[25]. Onethousandsamplesof size100,200and300weresimulated.A
minimum samplesizeof 200wasshownto beenoughto attainbiasbelow1%for bothpoint
estimatesandstandarderrorsof theparameters;99%confidenceintervalcoveragegreater
than95%,andminimum powerof 90%.However,to ensurethat thestudysample,whichwas
non±probabilistic,wouldcapturealargeamountof thenormativepopulationvarianceweset
thesamplesizeataminimum of 300studentspercountry/regioncorrespondingto 20partici-
pantsper item of thefull SEMmodelassuggestedbyMaroÃco[51]. A non-probabilisticconve-
niencesamplingmethodwaschosento achievethissamplesize.Co-authorsin eachcountry
distributedtheonlinesurveyto studentsandstudentassociationsin eachcountry/region,
directlyin class,viae-mailandonlinesocialmediaplatforms.Weestimatethatbetween16
thousandand30thousanduniversitystudentswerecontactedto participatein thisstudy
acrossall countriessurveyed.Theexactnumberisdifficult to estimatebecauseonline link to
thesurveywerepubliclyavailableon differentonlineplatforms.However,giventhatweregis-
teredatotalof 15,172surveyvisits,which leadto 4,061completedsurveys,weestimateamini-
mum reachof 50.0%andacompletionrateof 26.8%.

Thestudysamplewascomposedof 4,061universitystudents(agesrangingfrom 16to 70
years;M = 23.2;SD= 5.6;Mdn = 21)from Portugal(1,067),Brazil(424),Mozambique(413),
United Kingdom(314),United Statesof America(316),Finland(356),Serbia(409),Macao
SARandTaiwan(762).Thetypicalparticipantwasfemale(60%),pursuingabachelor'sdegree
(74%)in humanandsocialsciences(51%)in apublic (88%)university(80%),living with their
family (54%),whichfinancedtheir studies(56%).SeeTable1 for further characterizationof
thestudysample.

2.3. Measurement instruments

An onlinequestionnairewasconstructedcontainingthefollowingpsychologicalmeasures:the
MaslachBurnoutInventoryadaptedto students,versionMBI-StudentSurvey(MBI-SSi)[51], the
SocialSupportSatisfactionScale(ESSS)[41,44],theUniversityStudentEngagementInventory
(USEI)[25],andtheBriefCOPEInventoryadaptedto universitystudents[52].Additionally,par-
ticipantsrespondedto asetof demographics,personal,andacademicqueries.Fiveversionsof the
questionnairewereusedin thisstudy:Portuguese(Portugal,Brazil,andMozambique),English
(theUnitedKingdom,theUnitedStatesof America,andFinland),Serbian(Serbia),andtradi-
tionalChinese(MacaoandTaiwan).Measuringinstrumentsweretranslatedbycoauthorsvia
groupconsensusandtranslatedbackinto theoriginal languagefor double-checking.

2.3.1. Maslach Burnout Inventory—Student Survey (MBI-SSi). TheMaslachBurnout
InventoryÐStudentSurveywith theefficacydimensionreversed(MBI-SSi)[51] wasusedto
measurestudentburnout levels.Studentburnout isconceptualizedasasecond-order
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constructreflectedin thefirst orderexhaustion,cynicism,andinefficacydimensions.The
MBI-SSiconsistsof 15self-reportitemsratedalong7 orderedresponsecategoriesfrom `0Ð
never'to `6-everyday'.In its original formulation [9] theEfficacydimensionof theMBI-SS
haspositivelywordeditemswhileExhaustionandCynicismconsistof negativelyworded
items.Hereweuseaversionof theMBI (MBI-SSi)[51] wheretheitemsin theEfficacydimen-
sionarenegativelywordedto giveriseto theInefficacy(INEF) dimension.Psychometricanal-
ysisof datacollectedwith both theMBI-SSandMBI-SSirevealedthat reliability andconstruct
validity of theMBI factorswereimprovedin theMBI-SSi[51].

2.3.2. University Student Engagement Inventory (USEI). TheUniversityStudent
EngagementInventory(USEI)[25] wasusedasameasureof studentengagement.In the
USEI,studentengagementisconceptualizedasasecond-orderfactorconstructthat is reflected
bybehavioral,emotionalandcognitivedimensions.TheUSEIconsistsof 15self-reportitems
ratedusingorderedresponsecategoriesfrom `1-never'to `5-always'.Eachof thethreefirst-
orderfactorsconsistsof five items.TheUSEIhasbeenassessedpreviouslyfor factorialvalidity
andreliability [25] andmeasurementinvarianceacrossgendersandareasof study[53] but
only for Portuguesespeakingstudents.

2.3.3. Social support (ESSS). TheSatisfactionwith SocialSupport(ESSS)[41,44]was
usedto measurestudentsocialsupport.Socialsupportisconceptualizedasasecond-order
constructreflectedby four first-orderdimensions(socialactivities,satisfactionwith family,
intimacy,andsatisfactionwith friendships).TheESSSconsistsof 15self-reportLikert items
with responseoptionsrangingfrom `1±Totallydisagree'to `5-Totallyagree'.

Table 1. Demographic and academic variables by country.

Country PT BR MZ UK USA FIN SER TW&MO

SampleSize 1,067 424 413 314 316 356 409 762

Age(Mean) 22.9 23.3 26.3 22.6 21.9 26.2 22.0 22.3

Age(Median) 21.0 22.0 25.0 21.0 20.5 24.0 22.0 21.0

Age(S.D.) 6.7 5.3 6.8 5.3 4.3 7.8 2.2 5.4

Women(%) 65.3 43.4 62.2 47.1 34.8 62.1 83.9 66.1

PublicSchool(%) 90.3 85.1 97.3 86.0 81.0 94.4 96.3 79.8

HumanandSocialSciences(%) 33.4 39.2 71.9 49.0 37.0 56.5 53.3 66.5

ExactSciences(%) 29.6 38.7 11.4 36.0 50.0 32.3 20.8 22.0

BiologicalSciences(%) 9.7 9.2 12.1 8.9 8.2 6.7 4.6 6.3

HealthSciences(%) 27.4 13.0 4.6 6.1 4.7 4.5 15.9 5.1

Dropout Intention (Mean) 1.2 1.6 0.6 1.1 1.0 0.8 0.6 0.5

Academic Performance(Mean) 2.5 2.5 2.7 2.7 2.8 2.6 2.9 2.4

1stYear(%) 17.7 13.6 39.5 26.3 20.1 15.6 21.3 21.9

2ndYear(%) 18.6 18.1 20.1 20.5 29.4 15.6 21.8 18.4

3rd Year(%) 21.9 20.3 8.7 14.1 36.3 20.8 23.3 28.4

4th Year(%) 15.6 24.1 26.6 22.9 4.3 17.3 28.7 19.1

5th Year(%) 7.0 19.8 3.9 4.7 3.0 28.3 1.3 5.2

6th Year(%) 4.1 1.4 0.0 4.0 1.3 0.9 1.8 3.7

7th Year(%) 7.3 1.7 0.7 2.0 1.7 0.9 0.8 0.9

8th Year(%) 6.8 0.7 0.5 2.4 2.6 0.3 0.0 1.6

9th Year(%) 0.6 0.2 0.0 3.0 1.3 0.3 1.0 0.5

10thYear(%) 0.4 0.0 0.0 0.0 0.0 0.0 0.0 0.3

Note:Thenumberof yearsin this tablereportsthenumberof successful transitionsfrom thefirst yearof bachelorsup to thedoctorate.PT±Portugal; BR±Brazil; MZ±

Mozambique;UK±TheUnited Kingdom;USA±UnitedStatesof America;FIN±Finland; SER±Serbia;TW&MO±TaiwanandMacao.

https://doi.org/10.1371/journal.pone.0239816.t001
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2.3.4. Coping strategies (BriefCOPE). TheBriefCOPEversionof theCOPEInventory
[54] wasusedasameasureof copingstrategies.BriefCOPEisaself-completiontool consisting
of 28self-reportitemsgroupedin 14scales,whereeachitem is ratedusingorderedresponse
categoriesrangingfrom `0ÐI neverdid this' to `4±I alwaysdo this'.Basedon conceptualsimi-
larity andcorrelationpatterns,positiveandnegativecopingsecondorderfactorswerecreated.
Thepositivecopingfactorconsistedof following factors:activecoping,positivereframing,
planning,andinstrumentalsupport.Thenegativecopingfactorconsistedof following factors:
self-blame,denial,behavioraldisengagement,andsubstanceuse.

2.3.5. Socio-demographic and academic-related questions. Thedemographicvariables
assessedweregender,age,region,household,andfinancialsupport.Theself-reportedaca-
demicvariablesweretheareaof studies[examplesof thedifferentareasof studywereprovided
for respondentsguidanceasfollows:HumanandSocialSciences(e.g.,Psychology,Law,Soci-
ology,Economics,Education.. .); ExactSciences(e.g.,Math,Statistics,Physics,Chemistry,.. .);
BiologicalSciences(e.g.,Biology,Agronomy,Environment,.. .) andHealthSciences(e.g.
Medicine,Nursing,.. .)], typeof degree(bachelor,master,doctorate),typeof school(public/
privateuniversity),courseexpectations,teachercompetence,academicperformance,needfor
medication,dropout intention, thetotalnumberof classesandnumberof failedclasses.

Fromthesocio-demographicandacademic-relatedvariables,weselectedcourseexpecta-
tions,teachercompetenceandneedfor medicationaspredictorvariables,academicperfor-
mance,anddropout intention ascriterion variables.Variablesweremeasuredusinga4or
5-point Likert/rating scale.Courseexpectationsweremeasuredwith theitem "Concerning
your initial expectationsthisdegreeis:"with answersrangingfrom "Muchworse"to "Much
better".Teachercompetencewasmeasuredwith theitem "In generaltermshowdo youclassify
your professors?"with answersrangingfrom "Veryincompetent"to "Verycompetent".Subjec-
tiveacademicperformancewasassessedwith theitem "How do youclassifyyour performance
in thisdegree?"with answersrangingfrom "Bad"to "Excellent".Dropout intention wasmea-
suredwith theitem "Haveyouthoughtof droppingout of college?"with answersrangingfrom
"Never"to "Veryfrequently".Needfor medicationwasmeasuredwith theitem "Do youneed,
or haveyouneededanysortof medicationbecauseof yourcollegestudies?"with answersrang-
ing from "Never"to "Always".

2.4. Data analysis

2.4.1. Measurement models. A seriesof Confirmatoryfactoranalysis(CFA)werecon-
ductedto evaluatethegoodness-of-fitof themeasuringmodelsof Burnout,Engagement,
SocialSupport,PositiveCoping,andNegativeCopingfactorswith thelavaanpackage[55] of
theopen-sourceRstatisticalsystem[56]. Factors'reliabilitieswereestimatedwith McDonald's
Omega(for first orderfactors)andOmegaL2(for secondorderfactors)usingthereliability
functionsprovidedby theSemToolspackage[57] for R.Weoptedto not imputemissingval-
uesbecausemostincompletequestionnairesdid not complete10%of thequestions.

2.4.2. Structural equation modeling. After assuringgoodpsychometricpropertiesof the
measurementmodel,four StructuralEquationModels(SEM)werecreatedwith thelavaan
package[55] for R.All modelsfeaturedthreeexogenousobservedpredictors(CourseExpecta-
tions,TeacherCompetenceandNeedfor Medication),threeexogenouslatentpredictors
(SocialSupport,PositiveCoping,andNegativeCoping),andtwo endogenouscriterion vari-
ables(AcademicPerformanceandDropout Intention). Thefirst modelfeaturedstudentburn-
out asamediatingfactorbetweenpredictorandcriterion variables.Thesecondmodel
featuredstudentengagementasamediatingfactorbetweenpredictorandcriterion variables.
Thethird modelfeaturedbothburnoutandengagementasmediatingfactors.Finally,the
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fourth modelwasbuilt uponthethird modeladdingamoderationeffectof burnoutand
engagementon thecriterion variables.Themoderationeffectof studentburnoutandengage-
mentwasalatentvariableindicatedby thepairedcenteredproductsof theitemsfrom the
original factorsto reducemulticollinearityeffects[58±60].

Becausesomeitemshadunansweredcategories,it wasnot possibleto useWLSMVfor cate-
goricalitemsto testthethresholds'invarianceof themodels.However,whenitemshavefive
or morepointsandadistribution that isnot severelynon-normal(absoluteskewnessandkur-
tosisvaluesbelow7 and3,respectively),Pearsoncorrelationsestimatetheassociations
betweenvariablesreasonablywell [58,61].Thus,SEMandinvarianceanalyseswerecarried
out usingrobustmaximumlikelihoodestimation(MLR) implementedin lavaan[55]. This
methodaccountsfor deviationsfrom thenormaldistribution of theitemson theestimationof
theparameters'standard-errorsandmodelfit indices.Measurementerrorsof itemsbelonging
to thesamefactorwerecorrelatedwhentheir modificationindicesweregreaterthan11(p<
.001)[58] andthesuggestedtheoreticalassociationcouldbejustified.

Thefollowinggoodness-of-fitindicesfor bothconfirmatoryfactoranalysisandstructural
equationmodelingwereused:χ2(df) (Chi-SquareStatisticanddegreesof freedom),CFI (Con-
firmatory Fit Index),TLI (Tucker-LewisIndex),RMSEA(RootMeanSquareError of Approx-
imation) andSRMR(StandardizedRootMeanSquareResidual).Becauserobustmaximum
likelihoodestimationwasused,therobustscaledversionsof theindiceswereused.Model fit
wasconsideredadequateif CFI andTLI valueswereabove.90andRMSEAandSRMRvalues
werebelow.06and.08respectivelyAcceptablereliability wasassumedfor Omega(ω) and
OmegaL2 largeror equalthan.7[58,62].

2.4.3. Model invariance by gender, area of studies and country/region. Model invari-
ancewastestedfor gender,areaof study,andcountry/region,followingtherecommendations
of MillsapandYun-Tein(2004),andWu andEstabrook(2016)[63,64].A configuralmodel
wascreatedwhereparameterswerefreelyestimatedbetweengroups.Thismodelservedasa
baselinefor further invariancetesting.Sixnestedmodelswerecreatedwherefactorloadings
(loadings),items'intercepts(intercepts),factorintercepts(means),second-orderfactorloadings
(regressions),structuralcoefficients(structural)andresidualvariances(residuals)weresequen-
tially fixedbetweengroupsandtested.Fit indicesof thenestedmodelswereassessedto probe
for invariance.Model invarianceisgenerallyassessedusingtheCheungandRensvoldΔCFI cri-
terion (|ΔCFI|< .01)[65]. For largesamplesizes(thousandsof participants)andlargenumber
of groups,RutkowskiandSvetina[66] suggestthatslightlymoreliberalcriteriaaround.020and
.030for |ΔCFI| and|ΔRMSEA|respectively,shouldbeadoptedfor metric invariance.If less
restrictivemodelsof invariancefail, further sequentialtestingof morerestrictivemodelsisnot
recommended[58,63,64].Whenfactorloadingsandregressioncoefficientswereinvariant
betweengroups,but not intercepts,weakfactorialor metric invariancewasassumed.Metric
invariancemeansthat thecontribution of eachitem to thefactorremainsconstantacrossdiffer-
entgroups.Whenfactorloadingsandinterceptswereinvariantacrossgroups,strongor scalar
invariancewasassumed.Scalarinvarianceenablescomparisonsbetweengroupmeans[63].
Whenfactorloadings,intercepts,second-orderfactorloadings(regressions),andstructural
regressioncoefficientswereinvariantacrossgroups,full invariancewasassumed[63,64].

3 Results

3.1. Measurement models

Themeasurementmodelsfor theBurnoutScale(MBI-SSi),EngagementScale(USEI),Social
SupportScale(SS),PositiveCopingScale(BriefCOPE)andtheNegativeCopingScale(Brief-
COPE)presentedagoodfit to thedataandall itemsdisplayedadistribution sufficientlyclose
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to normality.Theloadings,residualsandreliability (Omegacoefficient)of theindicatorsof
thelatentvariablescanbefound in theS1Appendix.Themodels'fit to thedataandmaximum
skewnessandkurtosisfor itemsin thedifferentconstructsaredisplayedin Table2.Apart
from NegativeCopingandtheBurnout�Engagementinteractionweresuboptimalomegacoef-
ficientswereobserved(ω = .61),all otherconstructsweremeasuredwith adequatefactorial
validity (CFI� .95;TLI �.92;RMSEA� .06;SRMR� .04)andreliability (ω� .8).

Metric (weak)measurementinvariancebycountry/regionwereobservedaccordingto the
RutkowskiandSvetina[66] ΔCFI andΔRMSEAcriteria(seeTable3).

In faceof theweakmeasurementinvariancebycountry,goodnessof fit of thelatentconstructs
werealsoassessedpercountry(S2Appendix).Themeasurementmodelsfit to thedatafrom indi-
vidualcountrieswasacceptablefor mostconstructsandparticipatingcountries/regionssuggesting
factorialvalidity (CFI� .90;TLI � .89RMSEA� .10;RMSEA� .08)andreliability (ω� .7).
Exceptionsto thisoverallgoodnessof fit wereobservedfor SocialSupportin SerbiaandTaiwan
& Macao(ω = .107andω = .393respectively).TheBurnoutvs.Engagementinteractionconstruct
alsodisplayedsub-optimalreliability for mostparticipants(ω ~.6;SeeS2Appendix).

3.2. Student burnout mediation model

Themodelwith sixexogenouspredictors(CourseExpectations,TeacherCompetence,Need
for Medication,SocialSupport,PositiveCoping,andNegativeCoping),onemediator(Burn-
out) andtwo endogenouscriterion variables(AcademicPerformance,andDropout Intention)

Table 2. Global measurement models’ fit (scaled indices), absolute maximum skewness and kurtosis for items in each construct and Omega L2 reliability.

Scale df χ2 CFI TLI RMSEA SRMR Max.|Ku| Max.|Sk| Omega L2

Burnout 78 756.4��� .973 .967 .046 .027 .89 1.40 .938

Engagement 40 356.5��� .975 .965 .044 .033 1.26 1.85 .817

SocialSupport 61 871.2��� .948 .922 .057 .042 1.03 .94 .911

PositiveCoping 16 193.5��� .982 .969 .052 .033 .76 .74 .902

NegativeCoping 19 73.9��� .994 .991 .027 .014 1.70 2.13 .613

Burnout�Engagement 15 50��� .982 .965 .038 .024 3.47 1.31 .612

(���p< .001).

https://doi.org/10.1371/journal.pone.0239816.t002

Table 3. Measurement models invariance by country/region.

Scale ΔModel ΔDf Δχ 2 ΔCFI ΔRMSEA

Burnout Loadings-Configural 84 251.5��� -.004 -.002

Intercepts-Loadings 84 1390.2��� -.031 .019

Engagement Loadings-Configural 56 115.7��� -.004 -.001

Intercepts-Loadings 56 661.17��� -.035 .020

SocialSupport Loadings-Configural 70 526.9��� -.027 .006

Intercepts-Loadings 70 1314.0��� -.062 .016

PositiveCoping Loadings-Configural 28 123.5��� -.008 .006

Intercepts-Loadings 28 217.25��� -.013 .010

NegativeCoping Loadings-Configural 28 151.45��� -.015 .019

Intercepts-Loadings 28 490.7��� -.033 .026

Burnout�Engagement Loadings-Configural 84 251.2��� -.004 -.001

Intercepts-Loadings 84 1390.2��� -.031 .019

(���p< .001).

https://doi.org/10.1371/journal.pone.0239816.t003

PLOS ONE Predictors of the academic efficacy in university students

PLOS ONE | https://doi.org/10.1371/journal.pone.0239816 October 29, 2020 9 / 26

https://doi.org/10.1371/journal.pone.0239816.t002
https://doi.org/10.1371/journal.pone.0239816.t003
https://doi.org/10.1371/journal.pone.0239816


presentedanacceptablefit to thedata(χ2(1120)= 7512.0,p< .001,CFI = .925,TLI = .918,
RMSEA= .037,SRMR= .064).Thepredictorvariablesexplained58%of thevariabilityof the
burnout factor(R2 = .575,p< .001).Theburnout factorexplained37%of thevariabilityof
dropout intention (R2 = .365,p< .001)and23%of thevariabilityof academicperformance
(R2 = .226,p< .001).Thestandardizedregressioncoefficientsandp-valuesfor thismodelare
illustratedin Fig2.

NegativeCopingwasthestrongestpredictorof studentburnout (β = .583,p< .001),which,
in turn, significantlypredictedDropout Intention (β = .523,p< .001)andAcademicPerfor-
mance(β = -.356,p< .001).On onehand,thestandardizeddirecteffectsof NegativeCoping
overDropout intention andAcademicPerformancewasgenerallyweak(β = .028andβ = -.091,
respectively)andnon-significant.On theotherhand,thestandardizedindirect effectsof Nega-
tiveCoping,mediatedbyBurnouton Dropout Intention (β = .305,p< .001)andAcademic
Performance(β = -.208;p< .001)weremedium-sizedandstatisticallysignificant(p< .05).

3.3. Student engagement mediation model

Themodelwith sixexogenouspredictors(CourseExpectations,TeacherCompetence,Need
for Medication,SocialSupport,PositiveCoping.andNegativeCoping),onemediator
(Engagement)andtwo endogenouscriterion variables(AcademicPerformanceandDropout
Intention) presentedanacceptablefit to thedata(χ2(941)= 6347.7,p< .001,CFI = .914,TLI
= .906,RMSEA= .038,SRMR= .060).Thepredictorvariablesexplained51%of thevariability
of engagementfactor(R2 = .511,p< .001).Thismodel(including thepredictors'directand
indirect effects)explained25%of thevariabilityof dropout intention (R2 = .25,p< .001),26%
of thevariabilityof academicperformance(R2 = .258,p< .001).TheStandardizedregression
coefficientsandp-valuesareshownin Fig3.

Positivecopingstrategiesandfulfillment of courseexpectations,werethestrongestpredic-
torsof studentengagement(β = .481,p< .001;β = .387,p< .001,respectively),whichsignifi-
cantlypredictedAcademicPerformance(β = .428,p< .001)andDropout Intention (β = -.133,

Fig 2. Student burnout mediation model. StandardizedRegressioncoefficients(β), R2 andsignificancevaluesfor the
burnoutmediationmodel.CE= CourseExpectations,TC = TeacherCompetence, NM = Needfor Medication,
PC= PositiveCoping,NC = NegativeCoping,SS= SocialSupport,SB= StudentBurnout,DI = Dropout Intention,
AP= Academic Performance(���p< .001,��p< .01,�p�.05, nsp>.05). Forclarity,directpathsfrom theexogenous
variables(SS,PC,NC,CE,TC,NM) to endogenousvariables(DI, AP)wereomitted.Thesestandardizeddirecteffects
rangedfrom .012(AP regressed on TC) to .119(AP regressed on PC).

https://doi.org/10.1371/journal.pone.0239816.g002
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p< .001).Thestrongeststandardizeddirecteffectwasthepathfrom NegativeCoping(β =
.286,p< .001)andrealizationof CourseExpectations(β = -.159;p< .001)to dropout inten-
tion. Thestrongestindirect effect,mediatedbystudentengagement,on AcademicPerformance
wasobservedfor PositiveCoping(β = .206;p< .001).

3.4. Burnout and engagement mediation model

A conjoint modelwith BurnoutandEngagementasmediatorsof CourseExpectations,
TeacherCompetence,Needfor Medication,SocialSupport,PositiveCoping,andNegative
Copingon Dropout Intention andAcademicPerformanceshowedanacceptablefit to thedata
(χ2(2189)= 11824.4,p< .001,CFI = .909,TLI = .903,RMSEA= .033,SRMR= .063).Thepre-
dictor variablesexplained61%of thevariabilityof theburnout factor(R2 = .606,p< .001)and
47%of thevariabilityof theengagementfactor(R2 = .466,p< .001).Asbefore,thestrongest
predictorof studentburnout werenegativecopingstrategies(β = .640;p< .001)andfulfill-
mentof courseexpectations(β = -.297;p< .001),while for studentengagementthestrongest
predictorswerepositivecopingstrategiesandcourseexpectations(β = .402;p< .001andβ =
.398;p< .001respectively).Themediationmodelof burnoutandengagement(including the
predictors'directandindirect effects)explained37%of thevariabilityof Dropout Intentions
(R2 = .368,p< .001),and27%of AcademicPerformance(R2 = .273,p< .001).Asexpected,
therewasamoderatenegativecorrelationbetweenBurnoutandEngagement(r = -.419;p<
.001).Fig4 showsthestandardizedregressioncoefficients.

Thestrongestindirect effectsweretheonesbetweennegativecopinganddropout intention
mediatedbyburnout (β = .334;p< .001)andpositivecopingstrategieson subjectiveacademic
performancemediatedbyengagement(β = .132;p< .001).It isworthwhileto notethat in the
presenceof theburnout constructtheprotectiveeffectof studentengagementoverdropout
intention is lost(compareFigs3 and4).Thetwo constructsaresignificantlycorrelatedand
thusaninteractionof engagementandburnout isboth theoreticallyandempiricallyjustifiable.
Thismodelisassessednext.

Fig 3. Student engagement mediation model. Standardizedregressioncoefficients(β), significanceandR2 valuesfor
thestudentengagement mediationmodel.CE= CourseExpectations,TC = TeacherCompetence, NM = Needfor
Medication,PC= PositiveCoping,NC = NegativeCoping,SS= SocialSupport,SE= StudentEngagement,
DI = Dropout Intention,AP= Academic Performance(���p< .001,��p< .01,�p�.05,nsp>.05).Forclarity,direct
pathsfrom theexogenousvariables(SS,PC,NC,CE,TC,NM) to endogenousvariables(DI andAP)wereomitted.
Thesestandardizeddirecteffectsrangedfrom .000to .286(thepathfrom NegativeCopingto Dropout intention).

https://doi.org/10.1371/journal.pone.0239816.g003
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3.5. Burnout and engagement interaction model

A latentinteractionbetweenstudentburnout andengagementwasaddedto themodel
describedin Fig4 to testfor thepossibleinteractioneffectsillustratedin Fig1.Thismodel
showedanacceptablefit to thetotal datagatheredin eightdifferentcountriesandregions
(χ2(2126)= 11723.1,p< .001,CFI = .910,TLI = .903,RMSEA= .033,SRMR= .062).The
predictorvariablesexplained60%of thevariabilityof theburnout factor(R2 = .601,p<
.001)and47%of thevariabilityof theengagement(R2 = .466,p< .001).Themodel(includ-
ing thepredictors'directandindirect effects)explained38%of thevariabilityof thedropout
intention (R2 = .378,p< .001)and28%of thevariabilityof academicperformance(R2 =
.278,p< .001).Theregressioncoefficientsandp-valuesfor this modelareprovidedin
Fig4.

Thestrongestburnout andengagementinteractioneffectwasobservedon thedropout
intention (β = -.142;p< .001).Thenegativesignof theinteractionmeansthatwhenstudent
burnout increases,theeffectof studentengagementon dropout intention is attenuated(or
vice-versa)and,in thepresenceof highburnout, theprotectiveeffectof engagementis sup-
pressedwhenpredictingdropout (β = .055;p = .086).To testthis hypothesisandquantify
thesizeof this suppressioneffect,theregressionsweightsassociatedwith engagement
from modelin Fig3 [Dropout Intention = a×Engagement+ (. . .)] andFig5 [Dropout
Intention = Burnout+ b×Engagement+ Burnout�Engagement+ (. . .)] wereevaluated.The
estimatedsuppressioneffects(a − b) weretestedwith aZ-testfor largesamples.Thesuppres-
sioneffectwassignificantlydifferentfrom 0 whenpredictingstudentsdropout intentions(|
a±b| = 0.188,p< .001)andacademicperformance(|a±b| = 0.103,p = .044).Theinteraction
effectof studentburnout andstudentengagementalsohadanegativebut relativelysmall
impacton academicperformance(β = -.04,p = .036)suggestingthat theeffectof Burnouton
self-reportedacademicperformancewasreducedwhentheEngagementis high (andvice-
versa).

Fig 4. Student burnout and engagement mediation model. Standardizedregression coefficients(β), significanceand
R2 valuesfor thestudentengagementmediation model.CE= CourseExpectations,TC = TeacherCompetence,
NM = Needfor Medication,PC= PositiveCoping,NC = NegativeCoping,SS= SocialSupport,SE= Student
Engagement,DI = Dropout Intention,AP= Academic Performance(���p< .001,��p< .01,�p�.05,nsp>.05).For
clarity,directpathsfrom theexogenousvariables(SS,PC,NC,CE,TC,NM) to endogenousvariables(DI, AP)were
omitted.Thesestandardizeddirecteffectsrangedfrom .016to .075(thepathfrom NegativeCopingto Dropout
intention).

https://doi.org/10.1371/journal.pone.0239816.g004
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3.6. Invariance of the burnout and engagement interaction model

UsingtheCheungandRensvold(2002)ΔCFI criterion [65] andtheRutkowskiandSvetina
(2014)ΔRMSEAcriterion [66], strict invarianceof theBurnoutandEngagementInteraction
Modelwasfoundbetweengendersandareasof study(Table4).However,only weakcountry/
regioninvariancewasobserved(Table4),onceonly configuralandmetric invariancewas
observed.Sincetheequalityof interceptsassumptionwasnot met,no further invarianceanaly-
siswaspursued[58,63].TheBurnoutandEngagementinteractionmodelwasthereafterindi-
viduallyfitted for eachparticipatingcountry/region.

3.7. Student burnout and engagement interaction model per country/

region

Sinceonly weak(metric) measurementinvariancewasfound for theoverallBurnoutand
Engagementinteractionmodelpercountry/region,this interactionmodelwasfitted to the
samplesfrom eachof thecountries/regionsseparately.Configuralinvariance(that is thesame
modelconfigurationbetweencountries/regions)wasfoundpreviously(seeTable4) suggesting
thatall variablesin themodelpresentedin Fig5 mayplayasimilar role for thedifferentcoun-
tries/regions.On theotherhand,metricbut not scalarinvariance(equalloadingsbut different
interceptsfor themeasurementmodel)wasfoundassuringthevalidity of structuralweights
comparisonsbetweencountries[58,63].Table5 resumesthestandardizedstructuralpathsfor
eachvariablein themodel,variabilityof dropout intention andacademicperformance(R2)
andmodelfit indices.

Overallmodelfit for individual countries/regionswereacceptable(althoughCFI andTLI
hadlowerthanacceptablevalues,RMSEA,SRMRandχ2/df wereindicativeof verygoodfit).
Varianceof dropout intention explainedby themodelrangedfrom 22%(in Mozambique)to

Fig 5. Burnout and engagement interaction model. Standardizedregressioncoefficients(β), significanceandR2

valuesfor thestudentburnoutandengagement interactionmodel.CE= CourseExpectations, TC = Teacher
Competence,NM = Needfor Medication,PC= PositiveCoping,NC = NegativeCoping,SS= SocialSupport,
SB= StudentBurnout,SE= StudentEngagement,SB�SE= StudentBurnout,andStudentEngagement Interaction,
DI = Dropout Intention,AP= Academic Performance(���p< .001,��p< .01,�p�.05,nsp>.05).Forclarity,direct
pathsfrom theexogenousvariables(SS,PC,NC,CE,TC,NM) to endogenousvariables(DI, AP)wereomitted.
Standardizeddirecteffectsrangedfrom -.001to -.106(AP regressed on NC).

https://doi.org/10.1371/journal.pone.0239816.g005
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48%(in Brazil).Explainedvariabilityfor subjectiveacademicperformancerangedfrom 29%
(in Finland)to 37%(in theUK).

Negativecopingstrategieswerethestrongestandmoststatisticallysignificantpredictorsof
studentburnout (standardizedbetaweightsrangingfrom around.4-.7in theUnited King-
dom,Portugal,Brazil,Finland,Serbia,to .8-.9in theUSA,andTaiwan& Macao).ForStudent
Engagement,no consistentpredictorswerefoundamongcountries/regions.Positivecoping
strategieswerestrongestpredictorsof Engagementin Portugal,theUnited Kingdom,Finland,
andMozambiquewith standardizedeffectsaround.5to .7,followedcloselyby thefulfillment
of courseexpectationswith standardizedeffectsof .2-.4(seeTable5).Thisvariablewasthe
strongestpositivepredictorof theUnited KingdomandtheUSAstudents'engagement(β =
.30).Overall,positivecopingstrategiesandfulfillment of courseexpectations,accountedfor
mostof theexplainedvarianceof studentengagementamongcountries/regionsparticipating
in thisstudy.Further,negativecopingandnon-fulfillment of courseexpectationswerethe
strongestpredictorsfor studentburnout.Studentburnout wasthemostconsistentpredictor
of dropout intention for all countries/regionswith effectsizes(standardizedbeta)ranging
from .3for Mozambiqueto .9in theUnited Kingdom.Surprisingly,theeffectof studentburn-
out on dropout intention wasnot significantin theUSA,afteraccountingfor thedirecteffect
of negativecopingstrategieson drop out intention (β = .42)andthecorrelationbetweenburn-
out andengagement(r = -.51).Studentengagementper se hadno significanteffectfor most
participantsbut displayedaprotectiveeffect(negativeinteraction)overthestudentburnout
effecton intention to dropout.Studentengagementstrongesteffectswereobservedon the
self-relatedacademicperformancewith averagestandardizedeffectsbetween.2and.4for
mostparticipants.

4 Discussion
Theacademicandsocialdemandsof universitylife exertpressureon students'cognitiveand
emotionalresources,oftenleadingto exhaustion.Thisexhaustion,combinedwith self-

Table 4. Gender, area of study and country/regions analysis of invariance for the SE�SB interaction model.

Model df χ2 CFI TLI RMSEA SRMR Δdf Δχ2 ΔCFI ΔRMSEA

Gender

Configural 4244 16881 .905 .897 .037 .064

Loadings 4288 16987 .905 .898 .037 .064 44 106��� .000 .000

Intercepts 4332 17388 .905 .896 .038 .064 44 401��� .000 .000

Means 4351 17431 .902 .896 .037 .064 19 43�� -.003 .000

Regressions 4364 17630 .900 .895 .038 .064 13 199��� -.002 .001

Structural 4400 17682 .900 .896 .038 .064 45 52��� .000 .000

Areaof Study

Configural 8488 22465 .897 .888 .039 .066

Loadings 8620 22751 .896 .889 .039 .067 132 286��� -.001 .000

Intercepts 8752 23256 .893 .888 .039 .067 132 505��� -.003 .000

Means 8809 23413 .892 .887 .039 .068 57 157��� -.001 .000

Regressions 8848 23683 .891 .886 .039 .068 39 270��� -.001 .000

Structural 8956 23889 .890 .887 .039 .068 108 206��� -.002 .000

County/region

Configural 16976 35141 .874 .865 .044 .073

Loadings 17284 36776 .865 .858 .045 .078 308 1635��� -.009 .001

Intercepts 17592 41127 .835 .829 .050 .081 308 4351��� -.030 .005

https://doi.org/10.1371/journal.pone.0239816.t004

PLOS ONE Predictors of the academic efficacy in university students

PLOS ONE | https://doi.org/10.1371/journal.pone.0239816 October 29, 2020 14 / 26

https://doi.org/10.1371/journal.pone.0239816.t004
https://doi.org/10.1371/journal.pone.0239816


Table 5. Standardized structural paths, R2 and fit indices for the SE�SB interaction model per country/region.

Sample Standardized Structural Paths R2 Fit Indices

Portugal PC − -.014 ns ! SB

NC − .659 ��� !

SS − -.111 ns ! − .426 ��� ! DI

CE − -.278 ��� ! − -.120 ns ! AP

TC − -.014 ns !

NM − .098 ��� !

PC − .398 ��� ! SE

NC − -.256 �� !

SS − .036 ns ! − -.021 ns ! DI

CE − .363 ��� ! − .420 ��� ! AP

TC − .010 ns !

NM − .017 ns !

PC − -.052 ns ! SB�SE

NC − -.210 � ! CFI = .889

SS − -.026 ns ! − -.127 �� ! DI .394 TLI = .881

CE − .164 ns ! − -.014 ns ! AP .307 RMSEA= .039

TC − .056 ns ! SRMR= .072

NM − -.050 ns ! χ2/df = 2.6

PC − .016 ns ! DI

NC − .092 ns !

SS − -.041 ns !

CE − -.124 ��� !

TC − -.013 ns !

NM − .088 �� !

PC − -.030 ns ! AP

NC − -.167 � !

SS − -.161 ns !

CE − .026 ns !

TC − .034 ns !

NM − .008 ns !

Brazil PC − .086 ns ! SB

NC − .681 ��� !

SS − -.172 � ! − .622 ��� ! DI

CE − -.308 ��� ! − .012 ns ! AP

TC − .005 ns !

NM − .120 �� !

PC − .156 ns ! SE

NC − -.368 � !

SS − .120 ns ! − -.017 ns ! DI

CE − .508 ��� ! − .403 �� ! AP

TC − .034 ns !

NM − .029 ns !

PC − -.076 ns ! SB�SE

NC − -.450 � ! CFI = .877

SS − .007 ns ! − -.200 �� ! DI .477 TLI = .868

CE − .301 ns ! − -.111 � ! AP .349 RMSEA= .043

TC − .051 ns ! SRMR= .074

NM − .067 ns ! χ2/df = 1.8

(Continued )
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Table 5. (Continued)

Sample Standardized Structural Paths R2 Fit Indices

PC − .029 ns ! DI

NC − -.112 ns !

SS − -.082 ns !

CE − .012 ns !

TC − .010 ns !

NM − .032 ns !

PC − -.109 ns ! AP

NC − -.430 � !

SS − -.072 ns !

CE − -.015 ns !

TC − .045 ns !

NM − -.035 ns !

Mozambique PC − -.352 � ! SB

NC − .856 � !

SS − -.057 ns ! − .317 � ! DI

CE − -.248 ��� ! − -.853 ��� ! AP

TC − .087 ns !

NM − .082 ns !

PC − .732 ��� ! SE

NC − -.405 � !

SS − .078 ns ! − -.056 ns ! DI

CE − .259 ��� ! − .325 �� ! AP

TC − .046 ns !

NM − .005 ns !

PC − -.484 � ! SB�SE

NC − .776 �� ! CFI = .815

SS − -.003 ns ! − -.114 � ! DI .220 TLI = .802

CE − -.196 � ! − .017 ns ! AP .339 RMSEA= .038

TC − .012 ns ! SRMR= .065

NM − .011 ns ! χ2/df = 1.6

PC − -.027 ns ! DI

NC − .089 ns !

SS − -.033 ns !

CE − -.220 � !

TC − .040 ns !

NM − .044 ns !

PC − .391 � ! AP

NC − -.642 � !

SS − .086 ns !

CE − -.049 ns !

TC − -.010 ns !

NM − .085 ns !

UK PC − -.016 ns ! SB

NC − .404 ��� !

SS − -.277 ns ! − .859 ��� ! DI

CE − -.443 ��� ! − -.563 �� ! AP

TC − .070 ns !

NM − .077 ns !

(Continued )
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Table 5. (Continued)

Sample Standardized Structural Paths R2 Fit Indices

PC − .419 �� ! SE

NC − -.106 ns !

SS − .256 � ! − .353 �� ! DI

CE − .381 ��� ! − .048 ns ! AP

TC − .052 ns !

NM − .015 ns !

PC − -.027 ns ! SB�SE

NC − -.164 ns ! CFI = .874

SS − .054 ns ! − -.191 � ! DI .419 TLI = .865

CE − .130 ns ! − .033 ns ! AP .372 RMSEA= .043

TC − -.028 ns ! SRMR= .079

NM − .099 ns ! χ2/df = 1.6

PC − -.189 ns ! DI

NC − -.134 ns !

SS − -.010 ns !

CE − -.004 ns !

TC − -.109 ns !

NM − .002 ns !

PC − .259 � ! AP

NC − .082 ns !

SS − -.101 ns !

CE − -.008 ns !

TC − .101 � !

NM − -.002 ns !

USA PC − -.059 ns ! SB

NC − .772 ��� !

SS − .077 ns ! − .023 ns ! DI

CE − -.441 ��� ! − -.197 �� ! AP

TC − -.028 ns !

NM − .098 � !

PC − .325 � ! SE

NC − -.419 �� !

SS − -.049 ns ! − .018 ns ! DI

CE − .343 ��� ! − .379 �� ! AP

TC − .115 ns !

NM − .073 ns !

PC − .084 ns ! SB�SE

NC − -.366 ns ! CFI = .893

SS − -.160 ns ! − -.198 � ! DI .342 TLI = .886

CE − .258 � ! − -.085 ns ! AP .332 RMSEA= .041

TC − .028 ns ! SRMR= .073

NM − .045 ns ! χ2/df = 1.5

PC − -.073 ns ! DI

NC − .420 �� !

SS − -.012 ns !

CE − -.099 ns !

TC − .096 ns !

NM − .107 ns !

(Continued )
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Table 5. (Continued)

Sample Standardized Structural Paths R2 Fit Indices

PC − -.041 ns ! AP

NC − -.116 ns !

SS − -.102 ns !

CE − .062 ns !

TC − -.042 ns !

NM − -.051 ns !

Finland PC − -.115 ns ! SB

NC − .678 ��� !

SS − .074 ns ! − .131 � ! DI

CE − -.387 ��� ! − -.235 �� ! AP

TC − .006 ns !

NM − .137 � !

PC − .549 �� ! SE

NC − -.123 ns !

SS − .102 ns ! − -.258 �� ! DI

CE − .379 ��� ! − .336 ��� ! AP

TC − -.038 ns !

NM − -.085 ns !

PC − .002 ns ! SB�SE

NC − -.368 � ! CFI = .863

SS − -.076 ns ! − -.092 ns ! DI .380 TLI = .853

CE − .084 ns ! − -.063 ns ! AP .290 RMSEA= .046

TC − -.044 ns ! SRMR= .088

NM − .051 ns ! χ2/df = 1.8

PC − .007 ns ! DI

NC − .236 ns !

SS − .079 ns !

CE − -.207 �� !

TC − -.027 ns !

NM − .106 ns !

PC − -.042 ns ! AP

NC − -.192 � !

SS − -.174 ns !

CE − -.002 ns !

TC − .020 ns !

NM − -.039 ns !

Serbia PC − -.047 ns ! SB

NC − .401 �� !

SS − .062 ns ! − .485 ��� ! DI

CE − -.435 ��� ! − -.218 � ! AP

TC − -.119 � !

NM − .245 ��� !

PC − .264 � ! SE

NC − -.216 ns !

SS − -.023 ns ! − .119 � ! DI

CE − .389 ��� ! − .097 ns ! AP

TC − .108 ns !

NM − -.079 ns !

(Continued )
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Table 5. (Continued)

Sample Standardized Structural Paths R2 Fit Indices

PC − -.063 ns ! SB�SE

NC − -.344 � ! CFI = .839

SS − -.089 ns ! − -.149 � ! DI .357 TLI = .828

CE − .149 ns ! − .047 ns ! AP .326 RMSEA= .050

TC − .025 ns ! SRMR= .089

NM − .051 ns ! χ2/df = 1.8

PC − .018 ns ! DI

NC − .169 ns !

SS − .050 ns !

CE − -.117 ns !

TC − -.031 ns !

NM − -.041 ns !

PC − .104 ns ! AP

NC − -.117 ns !

SS − .032 ns !

CE − .256 ��� !

TC − -.146 �� !

NM − -.026 ns !

Taiwan& Macao PC − -.047 ns ! SB

NC − 1.248 ��� !

SS − .484 ns ! − .524 ��� ! DI

CE − -.240 ��� ! − -.341 �� ! AP

TC − .018 ns !

NM − .007 ns !

PC − .669 ��� ! SE

NC − .111 ns ! CFI = .881

SS − .245 � ! − .085 ns ! DI .252 TLI = .873

CE − .233 ��� ! − .277 � ! AP .331 RMSEA= .040

TC − -.039 ns ! SRMR= .073

NM − -.014 ns ! χ2/df = 2.2

PC − -.154 ns ! SB�SE

NC − -.838 �� !

SS − -.554 ns ! − -.097 ns ! DI

CE − .022 ns ! − -.030 ns ! AP

TC − .004 ns !

NM − -.113 ns !

PC − -.061 ns ! DI

NC − -.152 ns !

SS − -.153 ns !

CE − -.029 ns !

TC − -.032 ns !

NM − .075 ns !

(Continued )
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inefficacy,andcynicismtowardsstudiesform theBurnoutSyndrometriad.Burnouthasbeen
identifiedasoneof theleadingcausesof poorstudentperformanceandintention of dropout
[17,24].Conversely,studentengagementisseenasaprotectivevariablethatpreventsthe
aggravatingeffectsof burnout on students'well-being[9]. In thisstudy,weanalyzesomeof
thecausesandconsequencesof studentengagementandburnout.Socialsupport,copingstrat-
egies,teachercompetency(asratedbystudents),fulfillment courseexpectationsandneedfor
medicationwereusedaspredictorsof studentengagementandburnout,whichin turn were
usedaspredictorsof subjectiveacademicperformance,anddropout intention.

Wefound thatnegativecopingstrategies(suchasdisengagement,self-distraction,denial,
self-blameandsubstanceabuse)werethestrongestpredictorsof studentburnoutamongmost
countries/regions,aresultthat follow previousfindings[32,35].Studentburnout, in turn, was
highlypredictiveof students'dropout intention,andpooracademicperformance,aresultthat
hasbeenalsoobservedin otherstudies[17,24].Its effectsarehowevernot consistentin all coun-
tries/regions.Strongesteffectswereobservedin westernparticipants(e.g.PortugalandtheUK)
with thelowesteffectsobservedin African (Mozambique)andNorth Europe(Finland)partici-
pants.Thesedifferencesmaybeattributableto cultural factorsanddifferentialvaluingof higher
educationandcopingmechanismsamongwesterncountriesversusotherregions.Thegreatest
predictorsof studentengagementwerepositivecopingstrategies,positivecourseexpectations,
andpositiveperceptionsof teachercompetence,with standardizedeffectconsistentamongpar-
ticipants.Studentengagement,in turn, wasagoodpredictorof subjectiveacademicperformance
anddropout intention,aresultthathasbeenobservedin previousstudies[67].Exceptfor the
predictionof studentengagementbytheneedfor medicationandsocialsupport,all hypothe-
sizedcauses(H1 andH2) andconsequences(H3 andH4) of studentengagementandburnout
werestatisticallysignificant,andthemodelsrepresentingtherelationshipsamongthesevariables
presentedanacceptable/goodfit to thedata,thusconfirming our hypothesesH1 to H4.

Becausetheburnout syndromehassubstantialoverlapwith depressionsymptoms[68], the
needfor medicationwasasignificant,but weak,predictorof studentburnout in mostcoun-
try/regions,but not of studentengagement.However,highlyengagedstudentsmayusemedi-
cationfor cognitiveenhancementpurposes[69], thereforenullifying theexpectednegative
relationshipbetweenthesevariables.Byspecifyingthetypeandpurposeof themedicationstu-
dentsneed,strongercorrelationswith studentengagementandburnoutmight beobserved.

Socialsupportwasnot apredictorof studentengagementin mostparticipants,with theUK
beingtheonly exception,aresultthatwasnot in line with previousfindings[70]. Onepossible
interpretationof this resultis that,dueto covariation,thesocialsupporteffectlosesimpor-
tancewhenconsideredsimultaneouslywith otherfactors(e.g.copingstrategies).

Table 5. (Continued)

Sample Standardized Structural Paths R2 Fit Indices

PC − .070 ns ! AP

NC − .079 ns !

SS − -.006 ns !

CE − .126 � !

TC − -.010 ns !

NM − -.033 ns !

CE= CourseExpectations,TC = TeacherCompetence,NM = Needfor Medication, PC= PositiveCoping,NC = NegativeCoping,SS= SocialSupport,SB= Student

Burnout,SE= StudentEngagement,SB�SE= StudentBurnoutandStudentEngagement Interaction, DI = Dropout Intention, AP = AcademicPerformance(���p<

.001,��p< .01,�p�.1,ns p>.1).

https://doi.org/10.1371/journal.pone.0239816.t005
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After performingtheanalysisof separatemodelsof studentburnout andstudentengage-
ment,wetestedtheinteractioneffectof studentengagementandburnouton dropout intention
andself-reportedacademicperformance.Wefoundthatstudentengagementandburnout
showasignificantinteractioneffect,albeitwith smalleffectsize,whenexplainingdropout
intention but not academicperformance.Thedatasuggestthatstudentengagementcanattenu-
atetheeffectof burnouton dropout intention,validatingour fifth hypothesis(H5). However,
thiseffectwasnot consistentin all countries/regions.Theconstructsusedin theengagement/
burnout interactionmodelandtheir relationshipswereinvariantacrossgenderanddifferent
areasof thisstudy.However,themodelwasnot fully invariantacrosscountries,partiallyvali-
datingour fourth hypothesis(H6). Thisresultsuggestsaneedfor localspecificanalysisconsid-
eringtheculturalandsocietalcontextsandthedifferentcultures'valuingof highereducation.

It ispossiblethat thestatisticalsignificanceof smallobservedeffectof studentburnout
interactionwith engagementon thecriterion variableswasdueto theoveralllargesamplesize
usedin thisstudyandits associatedhigh levelof statisticalpower.To thebestof our knowl-
edge,thereareno otherstudiesthathaveprobedtheinteractioneffectof studentengagement
andstudentburnout on theseoutcomes.Thus,further replicationisnecessarybeforeamoder-
ationeffectof thetwo constructscanbeintroducedin modelsexaminingtheeffectsof burnout
andengagementon student'sacademiclife andwell-being.Our modelsdo showthat in the
presenceof burnout,theeffectof studentengagementon dropout intentionsandacademic
performanceisattenuated.That is,engagementin one'sstudiesmaynot haveexpectedeffects
on academicperformanceanddegreecompletionif high levelsof burnout relatedto studies
develop.Thefirst interpretationof this resultis thatwhenstudentengagementisassociated
with perfectionism,thiscanleadto burnout whichin turn canaffectacademicperformance,
aninterpretationsupportedby recentresearch[35]. Thesecondinterpretationis that it may
haveoccurredmerelybecauseof asuppressioneffectdueto therelationshipbetweenstudent
engagementandburnout.A suppressioneffectcanhappenin multiple structuralequation
modelswhentwo or morepredictorvariablesarestronglyassociated[71,72].For instance,
afterremovingthecommonvariancebetweenstudentburnout andengagement,whichare
negativelycorrelated,studentengagementlosesits predictivepoweroverdropout intention.
Thissuppressioneffectmayresultfrom thefactthat,whenwetakeinto considerationthe
prevalenceof burnout in universitystudents,engagementlevelsbecomelessrelevantwhen
predictingimportant academicoutcomes.

Theresultsof thisstudyhavestrongimplicationsfor practitionersandadministrators.Data
gatheredfrom alargesampleof universitystudentsfrom eightcountriesandregionsaround
theworld showthat,whilepromotingstudentengagementis important to preventdropout,
majorefforts(e.g.,reducingcourse-workloador increasedcoordinationbetweenteachers
teachingdifferentsubjects)mustbepursuedto preventstudentburnout.Studentengagement
alonecannotpreventdropout intentionsandpromotegoodacademicperformanceif student
burnout ishigh.Our resultssuggestthatculturefeaturesandschoolvaluingmayplayasignifi-
cantrole in thecomprehensionof burnout syndromeandits relationshipwith otherrelevant
variables.Therefore,it wouldbeimportant to conceptualizefuture interventionstakinginto
accountspecificculturalcontexts.

5 Limitations
Becauseof thecross-sectionalnatureof thecurrentstudycausationinferredfrom thedata
mustbecautioned.Causationimpliesacorrelation,but thereversemaynot necessarilybe
true.It is important to avoidcausalinterpretationsof theresults,asthatwouldrequirethat
longitudinalandexperimentalmethodsbeused.Therefore,althoughcausalrelationships
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betweenthesevariablesareimplied bystructuralequationmodels,cautionneedsto betaken
concerningthecausalnatureof their relationships.This isastronglimitation commonto cor-
relationalstudies.

A secondlimitation of thisstudyis theself-reportednatureof thedatacollected,namelyon
thecriterion variables,whichmaycreateanegativitybias.However,ªin referenceto variables
suchasburnout andengagement,self-reportsmaybethemostaccurateform of assessment,as
theindividual is thebestpersonto reportone'sownaffectivestate.º[32,p.224].Also,given
thatdatacollectionwascarriedout viaanonlinesurvey,aself-selectionbiasalsomaybepres-
ent.Unfortunately,mostpsychologystudieswill sufferfrom aself-selectionbiasasparticipants
with certaincharacteristicsmayrefuseto participatein suchstudies.

Finally,athird limitation regardsthepoor fit of somemeasurementmodelsin someof the
countries/regions.Facevalueof highereducation,multicultural,educational,andsocialdiver-
sityandnormsin suchdiversecountriesasPortugal,Finland,Serbia,Mozambique,The
United Statesof Americaor Taiwan& Macaomayhinder thegeneralizabilityof afull model
of studentburnout andengagementeffectson collegedropoutandacademicefficacy,even
thatasetof consistentpredictorsemergedfrom thisstudy.

6 Conclusions
Copingstrategies,courseexpectations,needfor medicationandsocialsupportsignificantlypre-
dictedstudentburnout.Studentengagementwassignificantlypredictedbycopingstrategies
andcourseexpectations.Bothstudentengagementandstudentburnoutsignificantlypredicted
subjectiveacademicperformance,but only Burnoutpredicteddropout intentions.Negative
copingwasthestrongestpredictorof burnoutwhichin turn wasthestrongestpredictorof
dropout intention.Studentengagementwaspredictedbypositivecopingstrategies,aswellas
courseexpectations,to alesserextentbynegativecopingstrategies,but not socialsupport.

Mostsurprisingly,burnout levelssuppressedtheeffectof studentengagementon dropout
intention whenaninteractionbetweenthetwo constructsispresent.A negativeandsignifi-
cantinteractionof burnout andengagementon dropout intentionsrevealedthateffectof
burnouton dropout isattenuatedbyengagement.Giventhat thisstudysolicitedtheparticipa-
tion of overfour thousandparticipantsfrom differentcountries/regionsandareasof study,we
believethat this isanoteworthyresultthathasimportant implicationsfor educationalpsychol-
ogists,practitioners,andadministrators.

To preventstudentdropoutandpromoteacademicperformanceit isnot enoughto pro-
motestudentengagementÐstudentburnout alsomustbekeptaslow aspossible.Othervari-
ablessuchascopingstrategiesandsocialsupportalsoarerelevantpredictorsof student
engagementandburnout andshouldbeconsideredwhenimplementingpreventiveactions,
self-help,andguidedinterventionprogramsfor collegestudents.
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