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ABSTRACT

Withthepromotionofonlineeducation,theadaptivelearningsystemhasattractedattentiondueto
itsgoodcurriculumrecommendationfunction.Thestudentmodelisanimportantinterfacebetween
theadaptivelearningsystemandtheuser,reflectingtheindividualcharacteristics,knowledgestatus,
andcognitiveabilityofthestudent.Theaccuracyoftheinformationinthestudentmodeldirectly
affectsthequalityofthesystemrecommendationservice.Thetraditionalstudentmodelonlyjudges
students based on the basic information and simple test scores. This paper introduces the self-
adaptiveitembankandadaptiveitemselectionstrategybasedonthecognitivediagnosistheorythat
dynamicallydetectsthestudents’knowledgeandanalyzesthestateaccordingtotheansweringhabits
andknowledgemasteringstatusofdifferentstudents.Thispaperanalyzesandcontrastsavarietyof
traditionalcognitivediagnosistheoriesandproposesamixedcognitivediagnosisquestionbankand
aselectionstrategymodeltoprovidestrongsupportfortheconstructionofstudentmodels.
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1. INTRoDUCTIoN

Inrecentyears,withthepopularizationofInternettechnology,majorchangeshavetakenplaceinthe
educationfield(Martin&Ndoye,2016).Onlinelearninghasbrokenthroughthelimitationsoftime
andspace,makingknowledgeacquisitionmoreflexible.Moreusersarenolongerrelyingsolelyon
offlinephysicalclassroomlearning.Onlineeducationhassolvedtheproblemofsharingeducational
resourcesandgreatlyoptimizedtheallocationofeducationalresources(Dietz-UhlerB&Hurn,2013).

Adaptivelearningsystemfullytakesadvantageofmachinelearninganddatamining,andhasa
goodcurriculumofself-adaptiverecommendation,providingadaptivelearningcontentandlearning
pathsfordifferentlearners.Therefore,ithasreceivedextensiveattentionfromtheeducationcommunity
andthecomputerindustry.PeterBrusilovskyfirstproposedtheconceptofadaptivelearningin1996
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(Brusilovsky,EklundJ&Schwarz,1996)andproposedageneral-purposemodelforanadaptive
learningsystem.ThepictureinFigure1presentsthegeneralmodelofanadaptivelearningsystem.
OverseashasalsodevelopedInterBook,ELM-ART(Brusilovsky,Schwarz,Weber&2001),iWeaver
(WolfC,2007),AHA!(DeBra,2007)andotheradaptivelearningsystems.

Intheuniversalmodel,thestudentmodelisusedtorepresentthelearner’scurrentknowledge
status,cognitivelevel,andhobbies.Throughsummarizingandanalyzingtheexistingstudentmodels
(Peter,Sibel&JulioGuerra,2015),itprovidesanimportantbasisfortherecommendationofthe
enginebasedontheadaptivelearningsystemrecommendation.Theaccuracyofthestatisticsand
analysisofthedatadirectlyaffectsthequalityofthesystemrecommendationservice.However,in
thepreviousstudies,mostofthestudentmodelconstructionprocessmainlyconsidersthelearner’s
basicinformation.Thestudyofthelearner’scognitiveleveloftenusesthestatictestdatabaseorthe
traditionalComputerAdaptiveTesting(CAT),andcannotusethetestdatabasedynamically(Alrifai,
Gennari&Tifrea,2012).

However, candidates with the same or similar scores (capabilities) may also have different
cognitive states and different knowledge processing processes. Cognitive Diagnosis (CD) was
thereforeapplied.

ThedifferencebetweencognitivediagnosistheoryandtraditionalCATisthatitdoesnotprovide
asinglescoreasthesubject’soverallassessment(Lee,2013),butratherpaysmoreattentiontothe
subject’sindividualcondition-itsknowledgestructure.Thecurrentresearchoncognitivediagnosis
theoryfocusesmoreonthelearningandimprovementofalgorithmsandthebasicresearchoftheories,
anditislessappliedtothespecificprocessofeducationallearning(Didik,2014).

Figure 1. The general model of an adaptive learning system
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Therefore, thispaperproposesaCAThybridmodelbasedoncognitivediagnosis theory(H-
CD).Accordingtotheactualsituationofthelearner,thefixedquestionbankandthequestionbank
existsimultaneously,andhasadynamicselectionstrategy,whichisbasedonthelearner’sdifferent
knowledgestructure.Thetestdatabasedynamicallyupdatesthestudentmodel,providinganeffective
guaranteefortheadaptivesystemdynamicrecommendation.

2. CD-CAT

2.1. Commonly Used Cognitive Diagnostic Models
By2007,therearemorethan60kindsofcognitivediagnosticmodels.Morerepresentativeofthe
cognitivediagnosismodel are:LinearLogisticTestModel (LLTM),RuleSpaceModel (RSM),
DeterministicInput,Noisy-AndgateModel(DINA),NoisyInput,Deterministic-AndgateModel
(NIDA),FusionModel(FM),AttributeHierarchyModel(AHM)(Yamaguchi&Okada,2018).

Amongthem,theRSMmodelexpressestherespondent’sresponsetotheprojectasanattribute
masteringmodel,whichisassociatedwithacognitiveskill.Oneoftheassumptionsofthemodelis
thatonecanuseacertaincognitiveattributetodescribethetestitem,oruseasetofattributecontrol
patternstorepresenttheknowledgestructureofthetestee.Thiskindofattributecontrolmodelis
usuallynoteasilyobserved.Andthisunobservablecognitivepropertycanbecharacterizedbysome
observableitemresponsepattern(Johnson&Sinharay,2018).

TheAHMmodelisanimportantvariantofTatsuoka’sregularspacemodel,proposedbyLeighton
etal.in2004.ThedifferencebetweenAHMandRSMliesinthefactthatAHMemphasizestheneed
tofirstdeterminethehierarchicalrelationshipbetweencognitiveattributesandtoperformothertasks
on thepremiseofcorrectly identifyingattribute-level relationships (Jaywant,Toglia,&Gunning,
2017).Therefore,AHMismorelogical.Andthehierarchicalcompatibilityoftheattributescanbe
verifiedbytheHierarchicalCompatibilityIndex(HCI).

TheDINAmodeladdstheerrorandguessparametersoftheitemitselftotheitem-attribute
parameter.Theerrorparameterreferstotheprobabilitythatthesubjecthasmasteredtheattributes
oftheitemandansweredthequestionincorrectly.Theguessingparameterreferstotheprobability
thatthesubjectdidnotfullygrasptheattributesoftheitembutansweredthequestion.

2.2. CD-CAT
ComputerAdaptiveTesting(CAT)referstotheuseofacomputerasamedium,inaccordancewith
thedifferentconditionsoflearners,fromthesystemtoselectthemostsuitablequestionforthelearner
toanswerquestions,testthecandidates,andautomaticallytestthelearnertestresultsofatestform.
GeneralCATconsistsofseveralparts:ItemBank,Startingpoint,ParametersEstimateandItems
SelectionMethod.

ThedifferencebetweencognitivediagnosistheoryandtraditionalCATisthatitdoesnotprovide
asinglescoreasanoverallassessmentofthesubject,butratherpaysmoreattentiontothesubject’s
individual condition - its knowledge structure. The scope of assessment of cognitive diagnosis
generally includes the subject’s individual knowledge structure, processing process or cognitive
process,whichcanallbereferredtoasattributes.Thecognitiveresultsaregenerallypresentedin
theformofreports.MislevyR.Jbelievesthatthetheoryofcognitivediagnosisisanewgeneration
oftesttheoryfollowingthestandardtesttheory,whichisacombinationofcognitivepsychologyand
modernmeasurement.Itisthefuturedirectionofadaptivetesting.ThepictureinFigure2presents
theunifiedmodelofCD-CAT.

Entrylevelevaluationmodule:Ingeneral,CD-CAThastwomethodsforselectingtopics,one
isnotconsidering theattributesof thequestions,andallsubjects’ initialquestionsarerandomly
selectedfromthequestionbank.Theotheristoconsideritemattributevectorfactors,forexample,
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torandomlygenerateasubjectwithsomeinitialknowledgestate,andthenusethetitlestrategyto
selectthefirstitembasedonthisrandomlygeneratedknowledgestate.

Projectselectionmodule:TheprojectselectionmoduleisthecorecomponentofCATandreflects
the personalization and intelligence of the test. Among the CD-CAT methods, Kullback-Leibler
(KL)andShannonEntropy(SHE)haverelativelygoodexperimentalresultsandhigh-testaccuracy.
Therefore,thisarticlemainlyimplementsthesetwoselectionstrategiesforresearcherstouse.

Scoringmodule:ScoringmoduleisanimportantpartofCD-CATsystem.Section2.1ofthis
articleisacommonmethodintroduction.

Terminateevaluationmodule:CD-CATterminationrulesalsohavefixedlengthandvariable
lengthtwo.InthefixedlengthofCAT,eachsubjectreceivedthesamenumberofitemstotest,the
systemiseasytoachieve,testlengthcanbeflexiblecontrol,fromtheconceptpointofviewisalso
moretraditional,easyforpeopletoaccept.

3. CoNSTRUCTIoN oF CAT HyBRID MoDeL 
BASeD oN CoGNITIVe DIAGNoSIS

3.1. CAT Hybrid Item Bank Design Based on Cognitive Diagnosis
Theitembankservesasthebasisfortheselectionstrategyandplaysanimportantroleintheadaptive
testresults.

Hybriditembankwillincludefixedquestionbankandsub-questionbank.Amongthem,thefixed
questionbankisbasedonbasicinformation,andtheclassificationquestionbankisdistinguished
bydifferentcategories.

Inadditiontothecontentoftraditionaloptionsandthecorrectandincorrectscores,eachquestion
willdeterminethelearner’sabilityindifferentcognitivestatesanddifferentknowledgeprocessing.
Eachitemrespondstoatleastoneorallofitsabilities.Theentireclassofsubjectsmustachievefull
capacitycoverageandmustnotbeomitted.

Thetestisgenerallyconductedbyselectingthetitleofthefixedquestionbankandtheorderof
thequestionsaftertherankingquestionbank.

Figure 2. A unified model of CD-CAT
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3.2. CAT Hybrid Selection Strategy (H-CD) Model Based on Cognitive Diagnosis
Whetheritisacommonsimplemodel,suchasRSMmodel,AHMmodeloramorecomplexmodel,
suchasaunifiedmodel,therearemoreorlesslimitations.Thesimplemodelhasfewerparameters
andthedescriptionofpsychologicalphenomenaisnotenough,soitisdifficulttoexpandthedesign.
Complexmodelsarefacedwiththeproblemthattheparameterscannotbeestimatedandthemodel
isdifficulttoimplementandapply.

Inordertosolvetheaboveproblems,thispaperadoptsanadaptivehybridmodelwithrelatively
completeparameters.Theadaptivehybridmodelnotonlyhasacompleteparametersystem,butalso
hasparametersthatcanbeestimatedandthemodelissimpletoimplement.Throughtheprobability
formula,themodelestablishestherelationshipbetweenitemsandattributes.Throughtheprobability
formula,wecangettheproject’sexpectedresponsepattern,andthencarryoutcognitivediagnosis.
ThecomprehensivemodelisshowninEquation(1),Equation(2),Equation(3):
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masteringmodeisαi ;
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Itmeansthatthesubjectcorrectlyreflectstheprobabilityofitemiwithoutmasteringallattributes:

• Cj:ItisanindextoinvestigatethecompletenessoftheQmatrix:

P cc i jj
� �� � � � � �� ��� ��� ��1 1 7

1

exp .  (4)

ItindicatestheprobabilitythatthesubjectcorrectlyusedattributesnotincludedintheQmatrix.
From this, it can be seen that the comprehensive model uses a series of parameters to

characterizethecompletenessoftheQmatrix,theprobabilityofstudents’mistakesinanswering,
andtheresidualability,whichisaverycompletemodel.Themodelcompletestheestimationof
thestudent’sknowledgestate,describestherelationshipbetweentheprojectandeachattribute,
anditsparameterscanbeidentified.
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4. STUDeNT MoDeL CoNSTRUCTIoN BASeD oN CAT HyBRID MoDeL

4.1. Student Model Introduction
Thestudentmodelisadatastructureusedtorepresentthelearner’scurrentknowledgestateinthe
adaptive learningsystem,reflectingthestudent’s individualcharacteristics,knowledgestate,and
cognitiveability.Theaccuracyoftheinformationinthestudentmodeldirectlyaffectsthequalityof
thesystemrecommendationservice.Inordertoimprovetheportabilityofstudentdata,datasharing
betweendifferentsystemsisfacilitated,whileensuringtheprivacy,securityandintegrityofstudent
data(Alrifai,Gennari&TifreaO,2012).

ThepictureinFigure3presentstheworkflowdiagramofthestudentmodel.Thetestsectionis
themaindiscussionpartofthisarticleandplaysaveryimportantroleintheoverallcurriculumvitae.

Thebasicstudentmodelconstructionprocessisasfollows:

Step 1:Afterthefirstregistration,thebasicinformationiscollected.Ontheonehand,itisusedto
buildastaticmodelforstudents.

Step 2:Studentscanselectcontentlearningandtestafterlogintothesystem.Students’behavior
dataiscollectedduringthelearningprocesstorecordthecurrentlearningprogressandupdate
theknowledgestatusdata.

Figure 3. The workflow diagram of the student model
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Step 3:Whenstudentsfinishthecurrentcontent,theyneedtoanswerthecorrespondingtestquestions.
Step 4: Ifstudentshavealreadylearnedsomething,theycangodirectlytothetestsessionandavoid

wastingtime.
Step 5:Afterthestudentscompletethelearningortestingsession,theydynamicallyupdatethemodel

basedonthelearningbehaviorandcognitiveleveldata.
Step 6:Finally, theupdatedmodeldata isstored in thestudentdatabase tofacilitatesubsequent

systemcalls.

Inordertobuildapersonalizedlearningmodel,wemustfirstfullyrespectthedifferencesin
learners’cognitivelevel.Secondly,thestudentmodeldataitemsneedtodynamicallyexpressdifferent
learningstylesandlearningtendenciesthatdifferentlearnersexhibitinlearningactivities.Inthis
paper,theabilityrequirementsoflearnersinthespecialfieldwillbebasedontheunderstanding,
application,analysis,synthesisandevaluationofthebasicsubjects.

The price and creation of the six cognitive level standards are important indicators for the
constructionofthelearnermodel.

4.2. The Student Model Based on H-CD
Theadaptivetestsectioncanbedividedintotwoscenarios.ThepictureinFigure4presentsthedata
itemsandstoragestructureofthestudentmodel:

Figure 4. The data items and storage structure of the student model
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1. Learners register for the first time:Openthefixedquestionbankimmediatelywhenregistering
forthefirsttime.Thefixedquestionbankwillcontainbasiclearnerinformationsuchasageand
gender.Whenthefixedquestionisanswered,startthequestionbank.Taketheagegradingasan
example.Forexample,ifthelearnerselectstheoption“0-5yearsold”,thetitleisselectedfrom
thecorrespondinggradingquestionbank.Iftheanswerer’s80%titleerroror80%iscorrect,
automaticdowngradeorupgradecontinuestoselect.Initialtestscoreswillbesavedatalltimes;

2. Learner’s learning course test:Accordingtotheinitialtestscores,theentityinthequestion
bankiscold-started,andthequestionbankandlearnerstatusinformationaredynamically
updatedaccordingtotheestablishedCAThybridchoicequestioningstrategymodelbased
oncognitivedetection.

Inadditiontoaffectingthefunctionoftheadaptiveenginerecommendationpartoftheadaptive
learningsystem,thetestresultswillalsogenerateradarmapsbasedonlearnercompetence.

Therearenotenoughhistoricaldataonnewarticlestotrainmodelwhichleadstoalgorithms
likecollaborativefilteringhaveapoorperformance.Content-basedrecommendationalgorithmscan
mitigatethisproblem.

5. eXPeRIMeNTAL ReSULTS

Inordertoverifythehybrid(H-CD)modelproposedinthispaper,weconductedanexperimental
analysisusingthedevelopedCD-CATsystem.

Basedonscienceexperimentclassesforchildrenaged5-12yearsandelementaryschools,
thecurriculumconsistsof256sessions.Accordingto8differentagegroups,eachagegroupis
dividedinto16sectionsforintroductionclassAandadvancedclassB.Eachclasscorresponds
to20questionbanktestquestions,atotalof5120questions.Thetopicsareallsingle-choice
questions.Accordingtotheanalysisofthecurriculum,accordingtotherequirementsofcognitive
diagnostictheory,eachquestioncorrespondstooneofthesixcognitiveabilitiesof“remember,”
“understand,” “analysis,” “apply,” “evaluate,” and “create.” The 20 questions corresponding
toeach lessoncoverallsixcognitiveabilities.All the tested itemsarestrictly inspectedand
designedbythecooperativeschoolteachers.Therefore,thequalityoftheproject,thedistribution
ofeachabilitylevel,andthedeterminationofattributesandhierarchicalstructureallmeetthe
needsoftheexperiment.

Inordertoreflecttheadvantagesanddisadvantagesoftheintegratedmodel,wehaveimplemented
models such as RSM, AHM, LLTM, DINA, and hybrid model H-CD, respectively, through the
system.Thenthrough320students,16simulationexperimentswereperformedaccordingtodifferent
cognitivediagnosticmodels.Thefourindicatorsofclassificationaccuracy(CA),marginalaccuracy
(MA),teststatistic(TS),andtestoverlapping(TO)wereanalyzed.

ThepictureinFigure5presentsthedifferentmodelsinCA.ThepictureinFigure6presentsthe
differentmodelsinMA.ThepictureinFigure7presentsthedifferentmodelsinTS.Thepicturein
Figure8presentsthedifferentmodelsinTO.

Comparedwithothermodels,H-CDhasgoodperformanceintermsofCA,MA,TS,TO:InCA,
H-CD,DINAmodelandAHMmodelareinsimilarlevels;inTO,IMmodelandNIDAmodel.The
overlapratesaresimilar,butallareatalowlevel.TheverificationshowsthatH-CDisacomplete
andreliablemodelforaccuratecognitivediagnosis.

Atthesametime,eachlearnerwillgetatestreportafterthetestisover.ThepictureinFigure9
presentsapartialtestreportbasedoncognitivediagnosticsfordifferentcapabilities.
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6. CoNCLUSIoN

The computerized adaptive systembasedon cognitivediagnosis is to analyze theknowledgeof
students’ examinations, so as to better remedy the students’ insufficiency and provide scientific
guidancefor teachingstudents inaccordancewith theiraptitude. .Combiningcognitivescience,
psychometrics,teachingresearch,artificialintelligenceandothertheories,CATsystembasedon
cognitivediagnosishasbecomeanewresearchdirection.Inthispaper,thespecificimplementation

Figure 5. CA of different models

Figure 6. MA of different models
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ofcognitivecomputerizedadaptivesystemandtheestablishmentofunifiedmodelarestudied.A
hybridquestionbankconstructionandhybridtopicselectionstrategyareproposed.Afterexperiment,
H-CDhasgoodcomprehensivecharacteristics.ThispaperappliestheCD-CATmodeltothelearning
modeloftheadaptivelearningsystemtomakethestudentmodelmoredynamicandcomplete.

Figure 7. TS of different models

Figure 8. TO of different models
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Figure 9. A partial test report based on CD
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