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Abstract　Blendedteachingisoneoftheessentialteachingmethodswiththedevelopmentofinformationtechnology．Constructing
alearningeffectevaluationmodelishelpfultoimprovestudents’academicperformanceandhelpsteacherstobetterimplement

courseteaching．However,alackofevaluationmodelsforthefusionoftemporalandnonＧtemporalbehavioraldataleadstoan

unsatisfactoryevaluationeffect．Tomeetthedemandforpredictingstudents’academicperformancethroughlearningbehaviordaＧ

ta,thisstudyproposesalearningeffectevaluationmethodthatintegratesexpertperspectiveindicatorstopredictacademicperＧ

formancebyconstructingadualＧstreamnetworkthatcombinestemporalbehaviordataandnonＧtemporalbehaviordatainthe

learningprocess．Inthispaper,firstly,theDelphimethodisusedtoanalyzeandprocessthecourselearningbehaviordataof

studentsandestablishaneffectiveevaluationindexsystemoflearningbehaviorwithuniversality;secondly,theMannＧWhitney
UＧtestandthecomplexcorrelationanalysisareusedtoanalyzefurtherandvalidatetheevaluationindexes;andlastly,adualＧ

streaminformationfusionmodel,whichcombinestemporalandnonＧtemporalfeatures,isestablished．ThelearningeffectevaluaＧ

tionmodelisbuilt,andtheresultsofthemeanabsoluteerror(MAE)androotmeansquareerror(RMSE)indexesare４．１６and５．

２９,respectively．Thisstudyindicatesthatcombiningexpertperspectivesforevaluationindexselectionandfurtherfusingtemporal

andnonＧtemporalbehavioralfeaturesthatforlearningeffectevaluationandpredictionisrationality,accuracy,andeffectiveness,

whichprovidesapowerfulhelpforthepracticalapplicationoflearningeffectevaluationandprediction．

Keywords　Blendedteaching,Expertperspectiveindicators,TwoＧstreaminformationfusionmodel
中图分类号　G４３４

　

１　INTRODUCTION

WiththerapiddevelopmentofInternettechnology,more

and moreschools have graduallychangedtheireducation

methodsfrom single offlineteaching methodsto blended

teachingmethodscombiningonlineandoffline．However,in

therapiddevelopmentofblendedteaching,therearestillsome

problemsthatcannotbeignored．Atthestudentslevel:many

students’inattentionintheprocessofonlinelearningandthe

learningefficiencyislow,whichleadstoasignificantdownＧ

wardtrendinacademicperformancecomparedtoofflinelearＧ

ning;attheteacherslevel:teachersareunabletojudgethe

progressofcoursesbecausetheyarenotinformedofthe

students’recentlearningresultsinrealＧtime,whichinturn

leadstoproblems,suchas“difficult”teaching．Inthiscase,the

qualityofstudents’learningeffectshasbecomeanessential

concernforsociety,andaccuratepredictionandevaluationof

students’learningeffectsisoneofthemostimportantways

toensurethequalityoftheirlearning．

Thecurrentresearchonlearningeffectpredictionand

evaluationcanbemainlydividedintotwocategories:thefirst

istheselectionoffeaturesrelatedtolearningeffectindicators;

andthesecondistheresearchonmodelalgorithmdesign．DifＧ

ferentlearningeffectevaluationindexes,comprehension,and



typicalityaretheprerequisitesforsignificantlyimprovingthe

accuracyoflearningeffectpredictionresults．Theevaluation

indexescanbedividedintotwocategories:classroom and

afterＧschoollifeindexes．Parack etal．[１]started withthe

students’classroomperformance．Theyrealizedtheprediction

andevaluationofthestudents’learningeffectsbasedonthe

evaluationindexes,suchasthestudents’classroomattendance

rate,semesterhomeworkgrades,andpracticaltestscores．

Dienetal．[２]usedtraditionalclassroomindexes,suchasthe

averagegradeperformanceofstudentsintheprevioussemesＧ

tersandtheaveragegradeperformanceintheearliersemesＧ

ters．Theyrealizedthepredictionandevaluationofstudents’

learningeffect．ElAhracheetal．[３]performedaninＧdepth

analysisofstudentdemographicdataandprocessedtheevaluＧ

ationmetricsofvariousacademiccoursestoachievetheevaluＧ

ationpredictionfunction．Zhaoetal．[４]addedmultipletypesof

afterＧschoollifeindicatorstotheclassroom evaluation meＧ

trics,suchasstudents’workandresttime,toevaluatethe

students’learning effects．Hung etal．[５] normalizedthe

students’originalevaluationindicators．Theyconvertedthem

intorankingstoachievehigheraccuracyinevaluatingandpreＧ

dictinglearningeffects．TheevaluationindicatorscoverdiffeＧ

rentaspectsandstagesofstudents’learningandlife．HowＧ

ever,theseapproachesareoftenbasedonexistingplatform

foundationsorcalculatedaftermathematicalmodeltraining,

withaseverelackofcorrelationvalidation．

Afterselectingevaluationindexesandcollectingstudent

data,itisnecessarytouseappropriatealgorithmstoanalyze

anddiscussthecorrespondingmodelofstudentdata．Atthis

stage,researchonthedesignofmodelalgorithmscanbediviＧ

dedintotwocategories:machinelearningalgorithmsanddeep
learningalgorithms．Akçapınaretal．[６] usedtheKＧnearest

neighboralgorithmtopredictwhetherornot７６studentstaＧ

kingacomputerhardwarecoursewouldpassattheendofthe

semester;Rodriguezetal．[７]implementedanartificialneural

network modelto predict the academic performance of

studentsincollegesanduniversities,andthemodelhadanacＧ

curacyof８２％inthehighＧachievingcategoryand７１％inthe

lowＧachievingcategory;Yangetal．[８]proposedtotransform

students’courseparticipationintoimagedataandthenmodel

andanalyzedstudents’imagedatabasedonconvolutionalneuＧ

ralnetworks;Minetal．[９]proposedthatanevaluatorbased

onlongandshortＧterm memoryneuralnetworkscouldobtain

moreaccurateacademicpredictions;Hashimetal．[１０]usedthe

maintraditionalcharacteristicsofstudentsasessentialvaＧ

riablesinadatasetofmachinelearningalgorithmsandconcluＧ

dedthatlogisticregressionalgorithmsaremostaccuratein

predictingstudents’academicperformance．Chittietal．[１１]reＧ

viewedthedevelopmentofeducationaldataminingtechniques

inastudythatdelvesintohow model“blackboxes”makes

decisionsandtheroleofinterpretableartificialintelligence

techniquesinmakingmodelresultsinterpretable．TosummaＧ

rize,atthisstage,researchersfocusmoreonimprovingofthe

modelalgorithm,significantlyimprovingtheevaluationreＧ

sults．However,adoptingthesametreatmentfortemporaland

nonＧtemporaltypesofdataseverelylimitsfurtherimproveＧ

mentsinmodelperformance．

Insummary,inthecurrentresearchstage,researchers

usuallybuildaprediction modelforlearningeffectiveness

evaluationbyanalyzingstudents’learningbehaviordataand

usingacademicperformanceasthemodellabel．Kouetal．[１２]

pointedoutthatcombiningseverallearningunitsgenerates

learningbehaviorandthatthereisoftenaninterrelationship
betweentheseunits．Alargenumberofcorrespondingstudies

havepointedoutthatthereisindeedagreatconnectionbeＧ

tweenthetrajectoryofstudents’learningbehaviorsandtheir

academicperformance[１３Ｇ１６]．Therefore,existingstudieshave

alsoidentifiedthebehavioraltrajectoryevaluationindexescorＧ

respondingtoessentialfactorsaffectingstudents’learning
outcomesthrough onlinelearning data prediction models
[１７Ｇ２０]．However,sinceclassroomlearninginvolvesnotonlythe

processofstudents’independentlearning,butalsotheprocess

ofteachers’teaching,itisevidentthatrelyingsolelyonsimＧ

ple,unＧscreenedindicatorsforlearningeffectevaluationpreＧ

dictioncannotyieldmoreinterpretableresults．Therefore,in

theselectionandprocessingstageoflearningeffectevaluation

indicators,incorporatingtheteachingexperienceofteacherexＧ

pertsforfurthermanualprocessingplaysavitalroleinimproＧ

vingtheaccuracyofmodelresultsandtherationalityofdata

processing．Atthesametime,althoughtherearealsoreＧ

searcherswhohavediscoveredtheimportanceofsequencedaＧ

tainthelearningprocessandusedlaggedsequenceanalysisto

explorestudents’behavioralpatterns．Jeongetal．[２１]from

FloridaStateUniversityusedsequenceanalysistohelpanaＧ

lyzethesequencesofstudentgroupinformationfeedbackinan

onlinelearningenvironment．TheycombinedtheanalysisreＧ

sultstoproposeaframeworkforevaluatingstudentsinacomＧ

puterＧmediatedenvironment,models,etc．Brooksetal．[２２]

proposedageneralizedapproachtoeducationaltechnologyfor

buildingpredictivemodelsbasedontimeserieslogdata．HowＧ

ever,thesequencedatainthecurrentstudyoftenshowsthe

frequencyinformation ofswitchingfrom one behaviorto

anotheranddoesnotreflectthetemporalinformationofthe

learningprocess,makingthecorrespondingdatasupportinthe

constructionofthemodelmissing．Inaddition,thevirtualsimuＧ

lationlearningpracticecharacterizedbynewinformationtechＧ

nologyhasbeenusedincreasinglyalongwiththepopularizaＧ

tionofeducationinformationtechnology．However,thereis
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stillalackofresearchsystemsdemonstratingtheimpactof

virtualsimulationlearningfactorsonlearningeffects．

ThispaperproposesaninnovativelearningeffectevaluaＧ

tionmethodtoaddressthemethodologicalproblemsinpreＧ

viousstudies．Theprocessmainlyconsistsoftwomainparts．

１)Theestablishmentoftheevaluationindexsystemfrom

theperspectiveofexperts．Firstly,fromthebackgroundofthe

blendedteaching modelbasedontheDelphimethod[２３],the

perspectiveofteacherexpertsisintroduced,andapreliminary
evaluationcharacteristicindexsystemisestablished．SubseＧ

quently,mathematicalＧstatisticaltechniquessuchastheMannＧ

WhitneyUＧtestandcomplexcorrelationanalysisareusedto

conductafundamentalanalysisoftheseevaluationindicators．

Throughthese methods,therationalityandvalidityofthe

evaluationindexesarepreliminaryverified．

２)Establishmentofevaluationandprediction methods．

ThisstudyproposesatwoＧstreaminformationfusionlearning
effectevaluationmodelthatintegratesthetemporalandnonＧ

temporalbehavioralfeatures produced bystudentsinthe

classroomtorealizethepredictionandevaluationofstudents’

learningeffects．Wecanassessstudents’learningeffectsmore

accuratelybyfusingthesetwofeaturesintheprocessing．In

thisstudy,wecollectsonlineandofflinelearningbehaviordata

from３８５２studentsfromdifferentuniversities,differentmaＧ

jors,anddifferentcourses,constructanevaluationindexsysＧ

tem withtypicalrelevance,andestablish a deep network

structurethatintegratesthetemporalandnonＧtemporallearＧ

ningbehaviordatainatwoＧstream manner,whichprovides

theoreticalsupportandpracticalapplicationforimprovingthe

learningeffectsofstudentsandtheteachinglevelofteachers．

２　METHODOLOGY

Mostundergraduatestudentsliveoncampusandare

trainedin blended onlineand offlineteaching．Foroffline

teachingscenarios,theteacher’sendwillcollectandaccumuＧ

latesomeofthebehavioraldata．Atthesametime,asthefreＧ

quencyofusingtheRainClassroomAPPinonlineteachingin

collegesanduniversitiesincreases,foronlineteachingscenaＧ

rios,thebackendsideofthesoftwarecollectsmorebehavioral

data,suchasthenumberofwordspostedinclass,thenumber

ofdiscussionsinclass,thelengthofthevirtualsimulation

operation,thenumberofconversationsafterclass,andthe

numberofquestionsaskedafterclass．Inthisstudy,wefirst

screenthedatausinganexpertperspectivetoselecteffective

metrics;then,weconstructatwoＧstreamtemporalandnonＧ

temporaldeep network structuretoevaluatethelearning
effectusingthescreeneddata．Fig．１showstheoverallflowof

thisstudy．

Fig．１　Generaloverviewofevaluationmethodology

２．１　Dataset

Thedataselectedforthisstudycomesfromtheonline

andofflinebehavioraldataof３８５２studentsfrom６universiＧ

ties,dozensofmajors,anddifferentcourses．Itisworthnoting
that,toavoidtheproblemthatstudents’finalgradesmaynot

beabletotrulyreflectstudents’learningeffectsduetothe

１２１XIEHui,etal．:StudentAcademicPerformancePredictiveModelBasedonDualＧstreamDeepNetwork



randomnessofthedifficultyandlevelofthequestionsasked

byasingleteacherforthesmallgroupofmajorandelective

courses,thedifferentcoursesselectedforthisstudymainlyfoＧ

cusontheentirecoursegroupwithastandardizedsetofquesＧ

tions．Thecurriculum groupstandardizesthepropositionof

theuniversityＧwideunifiedofferingofmultiＧparallelshiftsof

largeclassesofbasiccoursesorprofessionalbasiccourses．In

addition,unliketraditionalresearch,thecurrentresearchon

thepredictionofacademicperformancemainlyfocusesonthe

teachingoftheoreticalclasses．However,withthecontinuous

maturityofvirtualsimulationtechnology,therearealreadya

largenumberoftheoreticalcoursesintheteachingprocessto

integratetherelevantknowledgepointsofthevirtualsimulaＧ

tiononlinepracticelearning．Moreover,norelevantresearch

hasbeenseenonpredictingvirtualsimulationlearningfactors

inevaluatingstudents’learningeffects,sothisstudyintroＧ

ducesavirtualsimulationlearningmoduleforthecourse．

Thecourse mainlyfocusontheintroductory natural

sciencescourse,such asadvanced mathematics,university

physics,andotherintroductorycourse,andtocarryoutfurＧ

therresearch．Thisstudyrandomlyselectsastudent’sdata

fordisplayinthespecificformshowninTable１andTable２．

Eachstudent’sdatacanbecategorizedintotwotypes:tempoＧ

ralbehavioraldataandnonＧtemporalbehavioraldata．NonＧ

temporalbehavioraldatareferstotheinformationrecordedby
RainClassroom．Incontrast,temporalbehavioraldatarelates

tothedataobtainedbystudentsduringregularlearningsesＧ

sionsontheselfＧdesignedvirtualsimulationplatform,incluＧ

dingthedurationofthevirtualsimulation,thenumberof

questionsasked,andthefrequencyofoperationsperformed．

Aslearningprogresses,newtemporalbehavioraldatacontinues

toemerge．

Table１　Examplesofdataonstudents’nonＧtemporalbehaviors

StudentID
Percentageof
completion/％

􀆺 NumberofinＧclass
postings

􀆺 NumberofafterＧ
schooldiscussions

１２ ８９．８ 􀆺 １９ 􀆺 ４

２１２ ５９．４ 􀆺 ５ 􀆺 ０

２０７４ ３２．３ 􀆺 ５ ４

Table２　Examplesofdataonstudents’temporalbehaviors

StudentID
Numberofvirtual

simulations１
Numberofvirtual

simulations２
􀆺 Numberofvirtual

simulations１３

１２ ２ １ 􀆺 ２２

２１２ ４ １ １２

２０７４ ４ ５ 􀆺 ４

２．２　IndicatorSelection

Toensuresufficientsamplecapacityforthealgorithm,

thisstudyinitiallycollectsdatafrom multiplecoursesunder
thecomplete blendedteaching modelfrom differentpilot
schools,totaling５８５９students．Onlythebehavioraldataof
students’learningunderthefullＧprocessblendedteaching
modeareselected,removingthedata withincompleteconＧ
structionofblendedcourseresources,theseriousmissingof

practicalfeatures,andlearningdatageneratedinashortperiod
concentratedattheendofthesemester．Atthesametime,

basedontheregularlearningbehaviorcharacteristicsgeneraＧ
tedbythelearningplatform,combinedwiththeteachingexＧ

perienceofseveralseniorfirstＧlineteacherexperts,theDelphi
methodisappliedtodeterminethefinallearningeffectevaluaＧ
tionindexsystem．ThespecificprocessoftheDelphimethod
inthisstudyisasfollows:

１)Literatureanalysismethod．Accordingtotheresearch
resultsononlinelearning/blendedlearning,learningevaluaＧ
tionsystems,andcourseevaluationsystemsathomeand
abroad,weanalyze,generalize,andsummarize８９initialobserＧ
vationindicatorsforevaluation．Throughconsulting１１exＧ

pertsand３７firstＧlineteacherswhohavebeenteachingfor

morethan１０years,wedetermine６３effectiveobservationinＧ
dicatorsforassessment．

２)Formationofanexpertpanel．Theexpertpanelofthis
studyconsistsof１１teachingmasterswhohavebeendeeply
involvedinonlineteachingandblendedteachingforalong
time．ThisstudyfirstcombinestheexpertselfＧassessment

questionnairetosurveythedegreeofspecialistauthority．The
surveyresultsshowthat８expertshaveanauthoritycoeffiＧ
cientofCr≥０．８９,and３expertshaveanauthoritycoefficient
ofCr≥０．７３,allinlinewiththerequirementsoftheDelphi
methodofanexpertauthoritycoefficientofCr≥０．７．

３)Combiningtheexpertassessmentopinions,thebasic
frameworkofthelearningeffectevaluationindexsystemisdeＧ
terminedundertheblendedteachingmode,including４firstＧ
levelindexesand１３secondＧlevelindexes．

４)Theestablishedframeworkisdistributedto１１experts,

respectively．Afterseveralroundsofsolicitingopinionsand
adjustingtherelevantindicators,the１１expertsfinallyagree
toformaneffectiveindicatorsystemforevaluatingthelearＧ
ningeffectofcoursesbasedontheblendedteachingmode,inＧ
cluding３firstＧlevelindicatorsand１０secondＧlevelindicators．

Thespecificlearningeffectevaluationindexsystemis
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showninFig．２．Theevaluationindexesfinallyusedinthis

studyareallbasedonthefirstＧlevelandsecondＧlevelevaluaＧ

tionindexesandfilteredbyteachers’expertrecommendaＧ

tions．Thefinallyevaluationindicatorsaredividedintotwo

categories:nonＧtemporalevaluationindicatorsandtemporal

evaluationindicators．ThenonＧtemporalevaluationindicators

includethepreＧcourselearningvideocompletionrate,thetotal

lengthofthepreＧcourselearningvideo,thenumberofpostsin

theclass,thenumberofwordsinthepost,thenumberofreＧ

pliesintheclass,thenumberofwordsinthereply,thenumＧ

berofpopＧupsintheclass,thenumberofwordsinthepopＧ

ups,thenumberofunintelligiblewordsintheclass,thenumＧ

berofdiscussionsintheclass,lengthofdiscussionsinthe

class,totalnumberofwordsinthediscussions,theaverage

scoreofthetestintheclass,lengthofvirtualsimulationopeＧ

ration,thenumberofvirtualsimulationoperations,thenumＧ

berofclicksonthevirtualsimulation,andanaveragescoreof

thetestintheclass,theaveragescoreofvirtualsimulationopeＧ

ration,thenumberofvirtualsimulationclicks,theaverage

scoreofvirtualsimulationoperation,theaveragescoreofvirＧ

tualsimulationtheory,thenumberofpostＧclassdiscussions,

thelengthofpostＧclassdiscussion,thenumberofwordsfor

postＧclassdebate,thenumberofpostＧclassquestions,the

numberofpostＧclassreplies,theaveragescoreofpostＧclass

assignments,theaveragescoreofthechaptertest;temporal

evaluationindicatorsarebasedonsomeofthenonＧtemporal

evaluationindicators,whichcanberealizedindetailforeach

classroom．TheevaluationindexesincludethelengthoflearＧ

ningineachclassroom,inＧclassdiscussion,inＧclasstest,virtual

simulationoperationlength,thenumberofvirtualsimulation

operations,thenumberofvirtualsimulationclicks,thescore

ofvirtualsimulationoperations,thescoreofvirtualsimulation

theories,thepostＧcoursediscussion,thepostＧcoursehomeＧ

work,thechaptertest,andtheaveragescoreofthechaptertest．

Fig．２　Evaluationindexsystemofcourselearningeffectsinblendedteachingmode

　　TominimizetheinfluenceofsubjectivefactorsinthepreＧ

dictionoflearningeffectsevaluationandtohighlighttheadＧ

vantagesandobjectivityofthetwoＧstreaminformationfusion

learningeffectevaluation modelproposedinthisstudyin

largeＧscalelearningeffectassessment,thisstudydoesnotcarry
outtheassignmentoftheweightsoftheindexesrelyingon

theexperienceofexperts．

２．３　DefinitionofAcademicPerformance

Inthecurrentstudy,collegestudents’coursegradesare

generallycomposedofordinarygrades(A)andexamgrades
(B),generallyA＋B＝１００．AccordingtodifferentcoursereＧ

quirements,ordinarygradesoftencovermultiplefeatures(atＧ

tendance,onlinelearningdata,classroom performance,group
seminar,homeworkcompletion,chaptertest,etc．)．Therefore,

inordertoavoidthefinalgradesgivenbysomecourseinＧ

structors,theyhaveincludedsomeofthefeaturesofthisstudy
inthefinalgradesdetermination,whichleadstotheproblem

offalseaccuracyoftheintelligentevaluationgradescausedby
theintersectionofthefeaturesbetweenthefinalgradesofthe

courseandtheintelligentevaluationgradesinthestudy．In

thisstudy,thecoursegradesofthe３８５２eligiblestudents

usedtoconductthestudyaredefinedasfinalgrades．

２．４　NetworkConstruction

Thisstudy proposesatwoＧstream informationfusion

modelforstudentlearningeffectevaluationpredictioninthe

hopethatstudentbehavioraldata’stemporalandnonＧtempoＧ

ralfeaturescanbeprocessedinparallel．Then,thefeatureinＧ

formationcanbeextractedtorealizethefusionandcomplemenＧ

taritytoenhancethescientificaccuracyofthemodelprediction．

TheframeworkofthetwoＧstreaminformationfusionlearning
effectevaluationmodelproposedinthisstudyisshowninFig．３,

whichisanintegratedsystemofparallelprocessingofinformation

andmainlyincludestwomodules:thetemporalfeatureextraction

moduleandthenonＧtemporalfeatureextractionmodule．

３２１XIEHui,etal．:StudentAcademicPerformancePredictiveModelBasedonDualＧstreamDeepNetwork



Fig．３　Overviewofalgorithmconstructionsection

　　Firstly,themodelneedstoperformatimenodealignment

operationforthelengthofthetimeaxisofthetemporalbeＧ
haviordata,andthespecificalignmentoperationusedinthis

studyisforwardzerocomplementswhichareshowninFig．
３(d)．Atthesametime,itneedstoincreasethedimensionsof

theoneＧdimensionaltemporalbehavioraldataofdifferentcaＧ
tegoriesandsplicethetemporalbehavioraldataofdifferent

categoriesintheincreasedseconddimension,whichistheninＧ

putintoa１DCNNforextractingthefeatureinformationand
theextractedfeaturesarefurtherinputintotheLSTM[２４]neuＧ
ralnetwork;then,forthenonＧtemporalbehavioraldata,itis

inputintothefullyconnectedneuralnetworktoextractthe
featureinformation;next,theextractedfeatureinformationof

thetwotributariesissplicedandinputintothefinalfullyconＧ
nectedneuralnetwork;andthelossiscomputedtoachievethe

parametertrainingaccordingtotheMSElossfunction．
Inthetemporalfeatureextraction module,inputXi ＝

(Xi１,Xi２,􀆺,Xij,􀆺,XiN ),whichXirepresentsthetemporal

behavioraldataoftheithclassmate,Nrepresentsthenumber
oftemporalfeaturesandXij representsthetemporalfeature
vectorswithdifferentlengthsoftime．

Thecorrespondingtimelinelengthsareinconsistent,such
aswhenthevirtualsimulationoperationlengthcontains１３

timenodesandtheafterＧclassdiscussioncontains１８time
nodes．Toavoidthedefectofredundantnetworkstructure

causedbyinputtingdifferenttemporalbehavioraldatainto
multipleLSTM neuralnetworkwithothertimeperiods,this

studyemploysforwardpaddingalignmentoperationsthatcan
beforgottenbytheLSTM “gate”structuretoaddresstheisＧ

sueofinconsistentlengthsofthetimeaxisinbehavioraldata
acrossdifferentperiods．

Tofurtherextractsufficientinformationamongfeatures
inXCop

i afterforwardpaddingoperations,temporalbehavioral

databetweendifferentperiodsofthesamefeatureareinitially

processedthroughconvolutionaloperatorsin１DCNNtoexＧ
tracthighＧlevelfeatures．Thisstructurecomprises４modules,

eachcontainingaconvolutionallayer,abatchnormalization
layer,andaLeakyReLU activationlayer．Thecomputation

processisillustratedinEquation(１):

XLSTM
i ＝LkReLU(BN(WiXCop

i ＋b)) (１)

whereLkReLUrepresentstheLeakyReLU activationfuncＧ
tion,BNrepresentsthebatchnormalizationlayer,WirepreＧ
sentstheconvolutionalkernel,andbdenotesthebiastermdeＧ

pictedasEquation(２)－Equation(７):

Iit ＝σ(XLSTM
it Wxi＋Ht－１Whi＋bi) (２)

Fit ＝σ(XLSTM
it Wxf＋Ht－１Whf＋bf) (３)

Oit ＝σ(XLSTM
it Wxo＋Ht－１Who＋bo) (４)

C
~
it ＝tanh(XLSTM

it Wxc＋Ht－１Whc＋bc) (５)

Cit ＝Ft☉Ct－１＋It☉C
~
t (６)

Hit ＝Ot☉tanh(Ct) (７)

whereFit representstheoutputoftheforgetgate,Iit denotes

theoutputoftheinputgate,C
~
it standsforthecandidatemeＧ

morycell,Oit signifiestheproductionoftheoutputgate,Cit

representsthememorystate,andHdenotesthehiddenstate．
InthenonＧtemporalfeatureextractionmodule,theinput

Yi＝(Yi１,Yi２,􀆺,Yij,􀆺,YiN ),whereYirepresentsthenonＧ

temporalbehavioraldataoftheithclassmate,Nrepresentsthe
numberofnonＧtemporalfeaturesandYijrepresentsthespeciＧ

ficvalueofthejthnonＧtemporalfeatureoftheithclassmate．In
thenonＧtemporalfeatureextractionmodule,weutilizeamultiＧ

layerperceptron(MLP)consistingof４layers,withthenumber
ofneuronsineachlayerbeing６４,３２,１６,and８,respectively．

ThecomputationprocessisillustratedinEquation(８):

Aq＝∑
M

p＝０
WpqYpq (８)

wherepservesastheindexoftheneuronsintheprevious
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layer,qistheindexoftheneuronsinthecurrentlayer,andM
representsthenumberofneuronsinthecurrentlayer．

Finally,thenetworkconcatenatesthetemporalandnonＧ

temporalinformationacrossthechanneldimensionatthefeaＧ

turelevelandprocessesitthroughafourＧlayer MLP．EmＧ

ployinga multiＧlayerneuronstructurefacilitateseffectively
blendingtheconcatenatedfeaturesandfurthermakingassessＧ

ments．

３　RESULT

３．１　IndicatorValidityTest

Topreliminarilyinvestigatetherationalityandvalidityof

theevaluationindexsystemobtainedbyscreeningunderthe

Delphimethod,teacherＧexpertperspectiveinthisstudy,firstＧ

ly,studentsarecategorizedintotwomajorgroups:excellent

andsound,withacutＧoffof７５pointsforstudents’academic

performanceforthe MannＧWhitney UＧtest[２５] to observe

whetherthereisasignificantdifferencebetweenthedifferent

categoriesofstudentsundertheselectedevaluationindexes．

TheMannＧWhitneyUＧtestisanonＧparametricstatisticaltest,

whichisusedtocomparewhetherthereisasignificantdifferＧ

enceinthemediansoftwoindependentsamples．

Thisstudyconductsanormalitytestfortheselected

datasetandthendeterminestherequiredsignificanttest．Since

thesamplesizeofthedatasetis３８５２,the KolmogorovＧ

Smirnovtestisused．Theresultsshowthatthesignificance

pＧvaluesoftheKＧStestresultsarelessthan０．００１,meaning
thatallevaluationindicatorsdonotsatisfythenormaldistriＧ

bution．Therefore,thisstudynextanalyzestheevaluationindiＧ

catorsusingthe MannＧWhitneyUＧtest．Theanalysisresults

showthatthesignificantpＧvaluesofthe MannＧWhitneyUＧ

testarealllessthan０．００１．Therearesubstantialdifferences

betweendifferentcategoriesofstudentsundereachtypeof

evaluationindexintheevaluationindexsystemproposedin

thisstudy．Fromthis,thevariousevaluationindexesinthe

system have a certain degree of validityin categorizing
students’academicperformance．

３．２　IndicatorCorrelationTest

AftercompletingtheMannＧWhitneyUＧtestanalysisand

initiallyverifyingthevalidityoftheevaluationindexsystem,

sincethepreＧtestingprocessismainlybasedontheclassificaＧ

tionofstudents’academicperformanceforstatisticalanalyＧ

sis,thenextpartofthisstudyistousethestudents’specific

academicperformanceasametrictofurtherdeterminewheＧ

thertheevaluationindexsystemisinlinewiththetheoryof

statisticalanalysis．

SincethefirstＧlevelandsecondＧlevelindicatorsinthe

evaluationindexsystemareinterrelatedandaffecteachother,

thisstudyonlyutilizesregressionmodelstocarryoutcomＧ

poundcorrelationanalysisbasedonthe３broadcategoriesof

indicatorsintheevaluationindexsystem[２６]．CompoundcorreＧ

lationanalysisisemployedtoinvestigatetheintricaterelationＧ

shipsamongmultipleindependentvariablesandadependent

variable．ThismethodallowsforthesimultaneousconsideraＧ

tionoftheimpactofmultipleindependentvariablesonthedeＧ

pendentvariableandtheinteractioneffectsamongtheseindeＧ

pendentvariables．

TheresultsareshowninFig．４．ThepＧvaluesofthereＧ

gressionmodelsarelessthan０．００１,indicatingthattheanaＧ

lyzedmodelsarevalid．Inaddition,thereisacorrelationbeＧ

tweenalltwotypesofevaluationindexesandacademicperＧ

formance,andthecorrelationbetweentheevaluationindexes

ofinＧclasslearningandacademicperformanceisthelargest,

withacompoundcorrelationcoefficientof０．９６２,whichisin

linewiththeactualteachingconcept．Meanwhile,thevirtual

simulationfactorsareanalyzedseparatelyinthisstudy,and

theresultsareshowninTable３．Theresultsshowthatthe

compoundcorrelationcoefficientbetweenvirtualsimulation

factorsandacademicperformanceis０．５６６．Virtualsimulation

factorsalsoaffectstudents’academicperformancetoacertain

extent,provingthenecessityofstudyingthem．

Note:PL,indicatorsforevaluatingpreＧcourselearning;IL,inＧ

dicatorsforevaluatinginＧcourselearning;AL,indicators

forevaluating afterＧcourselearning;VSm,evaluation

metricsforvirtualsimulation．

Fig．４　Correlationindicesandwhetherthereisasignificant

correlationbetweentheindicatorsofassessmentoflearning

outcomesobtainedthroughscreeningandacademicperformance

undertheDelphimethodteacherexperts’perspectives

Table３　Compares１０ＧfoldcrossＧvalidationforsinglemodal

DNN,singlemodal２DCNN,singlemodalLSTM,single

modal１DCNNＧLSTM,andtwomodalmodels(TIE)

methods MAE RMSE R２
DNN １１．３０６ １３．６４２ ０．３９４

２DCNN １３．１３７ １６．１１５ －０．２１７
LSTM １２．１７９ １４．７７７ －０．１６９

１DCNNＧLSTM １２．４３９ １５．０４６ －０．０５４
TIE(ours) ３．３０８ ４．５７４ ０．８９７

TheresultsofthecompoundcorrelationanalysisinFig．４

showthatthelearningeffectevaluationindexsystemobtained

fromthescreeningundertheperspectiveofteacherexpertsby
theDelphimethodisinlinewiththescientificnatureofthe

screeningbymanualteacherexperts,andalsoinlinewiththe

theory of mathematicalstatistics．Therefore,thelearning
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effectevaluationindexsystemproposedinthisstudycanbe

usedasareferenceforfurtherresearchonlearningeffectevaＧ

luationandpredictionatalaterstage．

３．３　ValidationofTIEValidity
DuetothedualＧstream structureadoptedbythe TIE

model,temporallyfilteredbehavioraldataandnonＧtemporal

behavioraldata,fromtheexpertperspective,aremerged,comＧ

plementingeachother,andsubsequently,themodelparameＧ

tersaretrained．Initially,weconductcomparativeexperiments

ontheTIEmodel;specifically,wetesttheperformancediffeＧ

rencesamongtheTIE model,singleＧmodaldeepneuralnetＧ

work(DNN),singleＧmodal２DCNN,singleＧmodalLSTM,and

singleＧmodal１DCNNＧLSTM．

Thevariousmodelsmentionedabovearecommonlyused

ineducationalassessment．Thespecificmeanabsoluteerror
(MAE)androotmeansquareerror(RMSE)indicescompared

withtheTIE modelareshowninTable３．TheresearchreＧ

sultsindicatethattheMAEindicesforpredictingpercentile

mathscoresusingthemodelsaboveareallabove１０．InconＧ

trast,theproposedTIE modelinthisstudyexhibitsanaveＧ

rageerrorofonly３．２,demonstratingtheeffectivenessofthis

modelandthe dualＧstream data．Onthe other hand,the

RＧsquared(R２)indicesfor２DCNN,LSTM,and １DCNNＧ

LSTMinpredictingnegativeacademicperformanceindicate

overfitting,suggestingthatusingonlyspatialortemporal

modelscannoteffectivelydetermineacademicperformance．

TheTIEmodel,whichcombinesthetwodatatypes,imＧ

provestheR２indexto０．９,suggestingthatthemodelcanfit

thedataexceptionallywellbasedonacademicperformance．To

visuallyassesstheeffectivenessofgradeprediction,thisstudy
usesascatterplotinFig．５(a)toshowthepredictionresultsof

differentmodels．WecanjudgethepredictioneffectbyobserＧ

vingtheproximityofthescatterpointsinthescatterplotto

theline．Thepredictionresultsarebetterifthepointsinthe

scatterplotareclosertothestraightline．

AccordingtotheresultsinFig．５(a),thepredictedvalues

ofthetwoＧstreammodelproposedinthispaperaremoreconＧ

centratedonthestraightline,whichintuitivelyprovesthatthe

twoＧstreammodelhassignificantsuperiorityingradepredicＧ

tion．Therefore,theproposedTIE modelissuperiortoany
unimodalmodelintermsofperformance,anditalsoproves

thenecessityandeffectivenessoffusingtwoＧstreamfeatures

fortheanalysisofpredictivemodelingforlearningeffectevaＧ

luation．

(a) (b)

Fig．５　Demonstrationofthepredictioneffectof１DCNNＧLSTM,DNN,TIE,andTIEB,TIEC,TIEmodels

３．４　Verificationofmodelstructureeffect

Subsequently,thisstudyconductsasecondcomparison

experiment．SincetheTIEmodelisdesignedwiththepowerＧ

fulfunctionofaconvolutionalneuralnetworktoextractfeaＧ

tureinformation,the１DCNN moduleisaddedtothe TIE

modelinthisstudy．Inaddition,theTIE modelutilizesthe
“gate”structureprincipleintheLSTM neuralnetworkby

placingthezeroＧcomplementoperationatthestartpositionof

thedata．

Inthisstudy,themodelwithoutthe１DCNNisabbreＧ

viatedas“TIEC”,andthemodelwiththezerocomplementary
operationplacedattheendpositionofthedataisabbreviated

as“TIEB”．Experimentalcomparisonsareconducted,andthe

resultsareshowninTable３andTable４．TheTIECandTIEB

modelsarebetterthantheTIEmodelinMAEandRMSEinＧ

dexes,inwhichtheMAEindexreflectsthepredictionerrorof

theaveragegradeunderthepercentilesystem．IntheR２inＧ

dex,theTIEmodelshowshighervalues,whichindicatesthat

themodelbetterfitsacademicperformancethroughthebehaＧ

vioraldata．TovisuallypresentthepredictioneffectofthemoＧ

del,thisstudyadoptsascatterplottoshowthepredictionreＧ

sultsofthethreemodels,showninFig．５(b)．Byobserving
thedistributionofscatterpointsinFig．５(b),wecanseethat

thepredictionresultsofthemodelproposedinthispaperare

moreconcentratedaroundthestraightline,whichiscloserto

theactualvalue．

Table４　Comparisonof１０ＧfoldcrossＧvalidationresultsobtained

withdifferentzeroＧcompletionoperationsandremovalofthe

１DCNNfraction

MAE RMSE R２
TIEC ５．６６０ ７．０６７ ０．７６３
TIEB ４．００７ ５．０１６ ０．８７９

TIE(ours) ３．３０８ ４．５７４ ０．８９７

Theaboveresultsshowthat,basedonthelearningeffect

evaluationindexsystem screenedundertheDelphimethod

teacherＧexpertperspectiveforstudentbehavioraldatacollecＧ
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tion,andafterthetrainingoftheTIEmodelproposedinthis

paper,itspredictioneffectonMAEandRMSEisbetterthan

thatofotherneuralnetworkmodels,whichcanrealizetheefＧ

fectivepredictionofstudents’academicperformanceindiffeＧ

rentcoursesundertheblendedteachingmode．

４　DISCUSSION

CurrentresearchonlearningeffectevaluationandpredicＧ

tionislimitedtosingleandunreasonabletasks,suchasusing
machinelearningalgorithmstodeterminetheindicatorsaffecＧ

tingstudents’learningeffectsbasedonalargevolumeofplatＧ

formdataandconstructingastudentlearningeffectevaluation

modelbasedonnonＧtimeseriesfeaturedata．Ourresearchis

firstlybasedonthecoursethatincorporatesvirtualsimulation

onlinepracticelearning,basedontheexpertperspectiveand

usingtheDelphimethodtodeterminetheevaluationindexes,

combined withstatisticalanalysis methodstoevaluatethe

evaluationindexsystemtoassistthesideofthevalidation．

Secondly,ourresearchinthefusionoftwoＧstreamdatafeaＧ

turesatthesametimetojointhemodeloptimizationstrategy,

whichalsomakesthemodel’spredictiveeffecthasbeenfurＧ

therimproved,thewholestudyintermsofrationalityandacＧ

curacy．Theentireresearchshowsexcellentresultsintermsof

rationalityandaccuracy．

Basedontheresultsofthecomparativeexperiments,

sincethefeaturesusedinthisstudyhavetheassistanceofexＧ

pertjudgmentanddataanalysisatthesametimeandshowthe

bestresults,ourfutureresearchwillbeabletoformulatecorＧ

respondingevaluationstandardsfortheevaluationofblended

courses,especiallythosethatincorporatevirtualsimulation

practicelearning,andthenbeabletojudgetheeffectofthe

wholelearningprocessofthestudentsmoreeffectively,and

betterrealizetheevaluationoftheentireprocessofthelearＧ

ningofthestudents,whichfillsinthegapsofthecurrentasＧ

sessmentandpredictionofthelearningeffectofthefactorson

thevirtualsimulationoflearning．

Atthesametime,themodelproposedinthispaperhas

greatpotentialforapplicationinthefuture．Sincetheinitial

trainingofthemodelisbasedonthetrainingandtestingof

differentcourses,themodelcanbewellgeneralizedtovarious

classesforthesamestudentstocarryoutthecorresponding
intelligentevaluation,whichalsomakesthemodelwellusedin

theprocessofstudentlearningevaluationandthenpushes

personalizedcourselearningprogramsforstudentstoaddress

theproblemsencounteredbythestudentsintheprocessof

learning．Themodelcanbeappliedtostudents’processlearＧ

ningevaluationandpushpersonalizedcourselearningplans

forstudentstosolvethepainpointsanddifficultiesencounＧ

teredbystudentsintheprocessoflearningandimprove

students’academicperformance;atthesametime,themodel

predictionresultscanbepushedtotheteacher’sendinamore

timelymanner,sothattheteachercanalsoachieveatimely
understandingofthestudents’learningsituationandcontrol,

andthentodotheteachingtoenhancetheoveralllearningatＧ

mosphereandlearningleveloftheclass．

Inaddition,thereisstillroomforfurtherimprovementin

thisstudy．Intheresearcher’spreviousresearchwork,itis

foundthatthelevelofacademicperformanceisnotonlyafＧ

fectedbythestudent’slearningbehaviordatabutalsohasa

specificcorrelation withthestudents’backgroundfactors,

suchasfamilyfactors,metacognitiveabilityfactors,learning
strategyfactors．Consequently,therestillneedstobeagapin

evaluatingandpredictinglearningability’slearningeffect．In

thefollowingresearchstep,we willoptimizethequestionＧ

naire,collectandaccumulatemoredata,andthenconstructa

reasonableneuralnetworkmodelalgorithmtoincorporatethe

students’backgroundfactorsundertheDelphihybridcourse

learningevaluationindexsystemtogetbetterpredictionreＧ

sults．WearealsocommittedtodevelopingarealＧtimeevaluaＧ

tionplatformtoprovidealgorithmicsupportfortheapplicaＧ

tion and promotion of evaluation and the prediction of

students’learningeffects．

５　CONCLUSION

Exploringhowtoscientificallyandaccuratelyevaluate
students’learningoutcomesinblendedlearningisanemerＧ

gingbutsignificantfield．OurstudyfirstlyutilizestheDelphi
methodtodeterminetheindicatorsystemofstudents’learＧ
ningeffectevaluation,andsecondlyusesstatisticalanalysis
methodstofurthervalidatetheevaluationsystem withdata,

anddiscoversthereasonablenessofusingtheDelphimethod
forindicatorscreeningaswellastheimportanceofthevirtual
simulationfactorsonacademicperformance．Moreover,the
twoＧstreaminformationfusionlearningeffectevaluationmodel
constructedbycombiningtemporalandnonＧtemporalfeatures
canshowthebestperformanceonthepredictiveeffectcomＧ

paredwithothermodels,whichshowsthattheintegrationof
temporaldatahasasignificantimpactontheperformanceimＧ

provementofthelearningeffectevaluationmodel．Ourstudy
reflectsthatcombiningexpertperspectiveandmultimodaldata
forlearningeffectevaluationandpredictioncanproducemore
scientificandaccurateevaluationresults,whichprovidespeciＧ
fictheoreticalandappliedvaluesforthefurtherdevelopment
andpromotionofblendedteachingandcorrespondinglearning
effectevaluationandprediction．
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