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Abstract 

Among the many factors that influence learning efficiency, the cognitive structure of 

learners is the most important. In order to solve common problems in online learning 

systems, this article puts forward a new approach to build knowledge as an 

individualized cognitive structure. Firstly, the formal subject knowledge structure is 

defined, and then we enrich it through attribute extensions so that it meets personalized 

and dynamic learning needs. Secondly, we subdivide the personalized cognitive 

structure hierarchically for the sake of learning efficiency. Finally, we propose a 

method to measure the learning dynamics between concept nodes; that enable the 

online learning system to calculate the learning expectation about the new knowledge 

point in the light of the learner's current cognitive level. Thus, the system can introduce 

the appropriate next learning objective for learners and improve the adequacy of future 

online learning. 
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1.Introduction 

Personalizationinaneducationalcontextneedsacertain

understandingofthelearneraswellasofthetargetsthatar

eimportanttolearning.Personalizedlearningreferstoad

optinglearnerandappropriatelearningobjectivesandco

ntentaccordingtotheirpersonality,preferences,abilities

,needs,knowledgeandexperience,andspecificlearning

scenarios. 

Manytraditionalonlinelearningsystemsweredominate

dbycontentserviceandpilinguplotsofaudiovisualmater

ials.Peoplehavetospendalotofenergytoadaptanduseth

esesystemsandwhichleadtolackoflearningefficiencya

ndthehighdropoutrate.Anexcellentsystemshouldbeon

learnersandactivelyprovideintelligentandpersonalize

dservicestoreduceunnecessarylearningburden.Theref

ore,peopletrytobuildapersonalizedandintelligentonlin

elearningsystem,andthekeyissueistoexplicitlyexpress

andanalyzethelearner'slearningsituation.Inaddition,w

iththeprogressoflearning,thelearner'ssituationisalway

schanging,whichrequiresthelearningsystemtobereal-t

imeanddynamic. 

Inthisfield,theNIST'shigh-techresearchprojectbegani

nvestingheavilyin1998tofundpersonalizedlearningsy

stems,aimedatseekingmoreflexibleandevaluativeteac

hingtechniquestoimprovethequalityofonlinelearning.

Thereweresomefamouspersonalizationsystemsestabli

shedoneafteranother,including4MAT,INSPIRE,3DE,

ELM-ARTandsoon
[1,2,3,4]

.Thesesystemsattemptedtoc

omeupwithusefullearningguidance,buttheresultsarem

odestduetothelackofreal-timequantitativeanalysis. 

Educationbymeansofthee-learningmethodisbecomin

gmoreandmorepopularnowadaysandarapiddevelopm

entofinformationtechnologiesmakestraditional,static

websitesusedforonlineeducationbeingreplacedbyinter

active,intelligentportals
[5]

.Goltzpresentssomeresearc

hresultsconductedamongstudentslearningEnglishina

blendedlearningform
[6]

.Janssenarguesthatinordertoac

hievecomparabilityandexchangeabilityauniformand

meaningfulwaytodescribelearningpathstowardsattain

mentoflearningoutcomesisneeded
[7]

.Vasilyevafocuso
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ntheproblemoffeedbackadaptationinweb-basedlearni

ngsystems
[8]

.Brooksargueforamoreflexibleapproacht

obothdefiningandassociatingmetadatawithlearningob

jects
[9]

. 

Therearemanyfactorsthataffectlearningefficiency.Co

nstructivismbelievesthatpeople'scognitivestructureist

hemostimportantamongthefactorsthataffectlearning.

Cognitivestructureisthecontentandorganizationoflear

ners'knowledgeanditisthereferenceframeworkforpeo

pletoperceiveandprocessexternalinformationandperf

ormreasoningactivities.Learningistheprocessofestabl

ishingvariousconnectionsbetweenoldandnewknowle

dge.Withtheconstructivismlearningtheory,thispaperc

onstructslearners'personalizedcognitivestructure(PC

S)asthebasisoftheonlinelearningsystem,andputsforwa

rdcorrespondingapplicationmethods,sothattheonlinel

earningsystemcanactivelyproposemanyappropriatead

vicesforlearnersandfinallyimprovelearningefficiency. 

2.FormalizationandstructureofPCS 

Peopleoftenhavesomuchpriorknowledgethatthedataar

etoolargetorepresentacompletecognitivestructure.Co

nsideringthatwhenpeoplestudyanewtopic,theyarealw

aysconfinedtothescopeofthedisciplineinwhichthenew

knowledgeislocated,thecognitivestructureoflearnerss

houldbeconstructedaccordingtothekindsofdisciplines

,whichcaneffectivelyreducesystemburdenandimprov

eoperationalefficiency. 

Usuallyadisciplineconsistsofchapters;eachchaptercon

tainsseveralknowledgenodes,andthecontextbetweenk

nowledgeprescribesaninstructionalsequence,whichsh

ouldbeinlinewithpeople'scognitiverepertoire.Inmosto

ftheinstructionaltheoriesitis,agradualsequentialproce

ssorderfrombeforetoafter,fromeasytohard,frombasict

oadvanced. 

Definition1.AMeta-knowledgepointisonethatcannotb

efurtherdivided. 

Definition2.Compoundknowledgepoints.Aknowledg

epointmadeupofrelatedknowledgepoints. 

Forexample,inphysics,mass,distanceandtimearemeta

-knowledgepoints,whileforceisacompoundknowledg

epointrelatedtomassandacceleration,andenergyisaco

mpoundknowledgepointcomposedofmassandvelocity

.Inthisarticle,themetaknowledgepointsandcompound

knowledgepointsarecollectivelyreferredtoasknowled

gepoints. 

Definition3.Predecessorrelationship.Assumethat∑re

presentsallknowledgepointsofthediscipline.Given

ic  , jc  ,anorderedpair i j<c ,c >

meansthatyouneedtolearn ic beforelearning

jc .Ifthereis kc  ,sothatboth i k<c ,c > and k j<c ,c >

satisfytheorderedpairrelation,thepair i j<c ,c >

isdenotedrelation GCR ,oritisdenotedrelation PCR . 

Definition4.Givenasetofknowledgepoints c  ,if

ic C  ,
jc  ,

i j GC<c ,c > R

issatisfied,theCiscalledPredecessorSetof jc .If

i j PC<c ,c > R ,theCiscalled1-levelpredecessorsetand

denotedas1_P(cj),otherwiseCiscalledk-levelpredeces

sorsetanddenotedask_P(cj),wherekistheshortestpathl

engthfrom ic to jc . 

Asknowledgepointsanditsrelation,cognitivestructurei

sessentiallyadirectedgraphrepresentationofknowledg

e,inwhichknowledgepointisthenodeandtherelationist

heedgeofthedirectedgraph.Intheformofadirectedgrap

h,theknowledgepointsandtheinterrelationshipinthelea

rner'scognitivestructurearerepresentedanddefinedasf

ollows: 

Definition5.AnOrderedKnowledgeMap(OKM)isana

cyclicdigraphG(N,E,R),whereNisthesetofnodeswhic

hrepresentsknowledgepoints;Eisthesetofdirectededge

swhichrepresentsorderedrelationbetweenpoints;Risas

equenceofdirectrelationshipsbetweenknowledgepoint

s,representingthepathoflearning. 

Ontheonehand,thedisciplineknowledgestructureisver

ystableandwillnotchangegreatlyalongashorttime.This

stabilityisfortunatefordomainexpertstoconstructtheor

deredknowledgemap.Ontheotherhand,withtheprogre

ssoflearning,learners'cognitivestructureisconstantlyc

hanging,sothatthestaticdisciplineknowledgestructure

cannotkeepupwiththedynamicchangesofthelearningsi

tuation.Therefore,thenodeandtherelationshipbetween

nodesintheOKMshouldberedefinedthroughattributee

xtension,sothatitcanconstructthedynamiccognitivestr
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uctureinlinewiththepersonalizedrequirements. 

Definition6.PersonalizedCognitiveStructure(PCS)isa

frameworkbasedontheOKMofthediscipline,byadding

attributestothenodesandrelationshipbetweennodes.Iti

ncludes: 

 nameofnode 

 cognitiveobjective 

 exerciseandtest 

 answersandscoringcriteria 

 score 

 thresholdofallowedaccess 

 thresholdofallowedpassing 

 labelofrelationship 

 extentofinfluence 

Wheretheattribute“cognitiveobjective”meansthatthet

asksinthefieldofcognitionaredividedintosixlevelsinBl

oom'staxonomy:knowledge,understanding,applicatio

n,analysis,synthesisandevaluation.Inthisway,thenode

sareclassifiedsothattheonlinelearningsystemcanmake

amarktothecognitivelevelthatlearnersshouldreachabo

utacertainknowledgepoint,whichcanbesetaccordingto

theoutlineofdiscipline.theattribute“extentofinfluence

”referstotheextenttowhichlearners'masteryoftheprede

cessorknowledgepointswillaffecttheirlearningoftheir

successorpoints. 

ThereisnocycleinPCSbecauseoforderedrelationships

betweenpoints.Thefollowingtwoproblemsneedtobede

altwithwhenconstructingthePCSforeachindividuallea

rnerintheonlinelearningsystem. 

3.Layeringofpersonalizedcognitivestructures 

Theprocessoflearningshouldconformtopeople'scognit

iverules,thatis,orderlyfromeasytodifficultandmaking

progressstepbystep.Eachnodeandits’predecessorsinP

CSshouldbeindifferentlayers,andeachnodealwayspoi

ntstoits’successor.Inordertoensuretheconsistencyofpo

intingbetweennodes,itisnecessarytoperformthenodela

yeringalgorithm,andwhichisveryimportantforournext

work. 

Theprocessoflearningshouldbecompatibletopeople'sc

ognitiverule,thatis,orderedfromeasytodifficultandma

kingprogressstepbystep.Eachnodeandits’predecessor

sinPCSshouldbeindifferentlayers,andeachnodealway

spointstoits’successor.Inordertoensuretheconsistency

ofpointingbetweennodes,itisnecessarytoperformthen

odelayeringalgorithm,andwhichisveryimportantforou

rnextwork. 

Apersonalizedcognitivestructureisessentiallyahierarc

hicallydirectedacyclicgraph(DAG)thatisrepresented: 

Definition7.GivenaDAGG=(V,E),itisdefinedasn-lay

ereddirectedgraphIFF(ifandonlyif): 

(1)  1 2 n i jV L L ... L L L , i j        

(2)Foreach (u,v) E ,if i jL , L ,u v  i j . 

Wherenistheheightofthelayeredgraph,andthewidthofl

ayer kV isdefinedas ( )
k

k vv V
w V w




sothatthewidthofalayereddigraphis
1max ( )k n kw w V  . 

Therearethreeclassicalgorithmsthathavebeenwidelyu

sedforgraphlayering:thelongest-pathlayering(LPL),th

eCoffman-Grahamalgorithmandthenetworksimplexal

gorithm(NSA)
[10]

. 

Thelongestpathalgorithmensurestheminimumheight.

TheCoffman-GrahamAlgorithmtriestominimizethehe

ightwithwidthatmostw.Thenetworksimplexalgorithm

attemptstothefewestdummynodeswhichareIntroduce

dintographwhenlayering.Whichoneispropershouldbe

assessedbycomparingwithmeasurementresults. 

ThousandsofDAGsgeneratedrandomlywereusedasm

aterialforalgorithmtesting.Everyalgorithmhasitsowna

dvantages,asshownintable1. 

Table1Comparisonofnodelayeringalgorithm 

Compare items LPL 
Coffman- 

Graham 
NSA 

height constraint yes yes no 

width constraint none good no 

Height × width normal weak excellent 

dummy nodes weak normal excellent 
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runtime very fast fast fast 

 

Theperformanceofthethreealgorithmswasillustratedin

Figure1intermsofthenumberofdummynodes. 
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Figure.1Dummynodesintroducedbythe3algorithms 

InFigure2,threealgorithmswerecomparedintermsofre

adability.Asaresult,theSimplexmethodmaintainsaver

ycompactappearancealthoughthereisnodirectmechani

smtocontrolthedimensions. 
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Figure.2width×heightcomputedbythe3algorithms 

Intermsofrunningtime,LPLalgorithmisthefastest,whi

chcanbefinishedinlinearlimitbyusingdepth-firstsearc

h,anditsaveragecomplexityofisO(|V|).Thecomplexity

ofCoffman-GrahamalgorithmisO(|V|
2
)intheworstcas

e.TheNSAneedsexponentialtimeintheworstcase,butit

hasnotbeenproventhattheaveragerunningtimeisnotpol

ynomial
[11]

.Overall,withtheNSAalgorithmthelayouto

fnodesisthemostreasonableandhasagoodappearance. 

organism

plant hexapod animal

human

water CO2 carbohydrate light

green plant catamount

photosynthesis

air byproduct chlorophyll

O2 H2 daylight
 

Figure.3PCSwiththethemeofphotosynthesis 

TheonlinesystemupdatesthePCSdatainrealtimeaccor

dingtothelearningprocessandpresentsittolearnersinth

eformofahierarchicalgraph.AsshowninFigure3,graph

layeringiscarriedoutwithNSAinthePCSwiththetheme

of"photosynthesis".Thegreennodeindicatestheknowl

edgepointsthathavebeenlearned,andtherednoderepres

entsnopassingthetest. 

4.Activepushofnextlearningobjectives 

AfterconstructingandlayeringthePCS,theonlinelearni

ngsystemcanpredictthelearner'sappropriatelearningo

bjectivesandactivelypushoutaccordingtothefollowing

methods. 

Definition8.Learningexpectations:Itreferstothepossib

ilityofunderstandingandmasteringnewknowledgepoi

ntsunderthenormallearningsituationbasedonthelearne

r'scurrentcognitivestructure. 

ThenodesofPCScanbedividedintothreedisjointzonesd

ependingonwhethertheexpectationisgreaterthanthethr

esholdofallowedaccess.Oneisthezoneofnodesunderle

arnability,oneisthezoneofnodeswithinlearnability,and

theotheristhezoneofnodesbeyondlearnability
[12]

. 

Inordertocalculatethelearningexpectationsandperfor

mthepartitionofPCS,itisnecessarytomeasuretheinflue
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nceofknowledgepointsthathavebeenlearnedonthathas

notbeenyet.Thisinfluencehastwomainparts.Oneistheh

ierarchicalinformationofknowledgepointsinPCS,i.e.t

hepredecessorrelationshipbetweenpoints.Usuallythed

irectpredecessornodehasagreaterinfluencethantheindi

rectone,andthispartofinfluencecanbemeasure.Thispar

toftheimpactcanrefertothecalculationmethodofseman

ticrelevancebasedonhierarchy
[13,14,15]

.Theotheristhein

tensityoftheconnectionbetweenknowledgepoints.Con

structivismbelievesthatthelearningistheprocessofesta

blishingvariousconnectionsbetweenthelearnedandthe

unlearnedanddifferentpredecessorknowledgepointsh

avedifferentcorrelationintensityforthesameknowledg

epoints.Forexample,whenlearningtheknowledgepoin

tof"motionandforce",ifonlythehierarchicalinformatio

nisconsidered,therewouldbenodifferencebetweendire

ctpredecessors’"acceleration"and"mass".Butactually,

forthelearning“motionandforce","acceleration"ismor

eimportantthan"mass",becausetheformerhasastronge

rcorrelation. 

AccordingtothedefinitionofPCS,eachknowledgepoint

hastheattributeof"cognitiveobjective",whichisdivide

dintosixlevels.Fromacognitivepointofview,theselevel

sindicatetheknowledgepoint’sdifferentcognitiveloadf

orlearners.Thehigherthelevel,themorecognitivelabou

rrequired. 

Definition10.load(ci).Itreferstothecognitiveloadofthe

knowledgepointci,andassignsanintegervalueof1to6ac

cordingtothelevelof"cognitiveobjective"ofknowledge

points. 

Intheexamplementionedabovethecognitiveobjectiveo

f“acceleration”is“synthesis”,thenload(“acceleration”

)=5,andthecognitiveobjectiveof“mass”is“application

”,thenload(“mass”)=3.Obviouslyittakesmorecognitiv

elabourtolearn"acceleration"thanto"mass".Thus"acce

leration"hasagreaterinfluenceonthe"motionandforce"

. 

Definition11.InaPCSG(V,E,R),
i jc V,c V  ,if ic

isthek-levelpredecessorof jc ,theset
i,jA is: 

  i,j j

1

n-level predecessor of A = c
k

n

   

ActuallyAi,jisthesetofalloftheprerequisiteknowledge

pointswithintheprocessofstudyfromcitocj. 

C1

C2 C3

C4 C5 C6C7

C8
 

Figure.4AnexampleofPCSformeasuringconnection 

AsshowninFig.4,

 1,8 2,8 1 2 3 4 5 7C =C = c ,c ,c ,c ,c ,c .Thentheintensityofcon

nectionbetweenthetwonodesiscalculatedbyFormula1: 

 

  

 

 
i,j i,j

i

i j PC GC

i,j
i j

t C

c
, <c ,c > (R R ),

tc ,c

0 else

load

loadcon



 

 




if 

,

 (1) 

Where  
i,j i,j

i,j

t C

tload




isthetotalamountofcognitivelaborrequiredfrom ic to

jc .Givenload(C1)=2 ，

load(C2)=load(C7)=load(C3)=3 ，

load(C5)=load(C6)=4,load(C4)=load(C8)=5,thematr

ixMoftheintensityofconnectionofPCSshowninfigure

4is(wheretheconnectiononitselfisdefinedas1): 

 

1 1 0 0.4 0.25 0 1 0.1

0 1 0 1 0.5 0 0 0.15

0 0 1 0 0.5 1 0 0.15

0 0 0 1 0 0 0 0.4167
M

0 0 0 0 1 0 0 0.3333

0 0 0 0 0 1 0 0

0 0 0 0 0 0 1 0.25

0 0 0 0 0 0 0 1

 
 
 
 
 
 
 
 
 
 
 
  
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Dependingonboththehierarchicalinformationandthein

tensityofconnectionbetweennodes,formula2ispropos

edtomeasurethelearninginfluencebetweenanyknowle

dgepointsanditspredecessors. 

  
 i j

pcs i j

i j

1 (c ,c ) (DCP)
c ,c

(c ) (c )

con depth
inf

depth depth

 



 (2) 

Wheredepth(c)isthedepthofnodecinPCS,DCP(Deepe

stCommonPredecessor)meansthatforthetwonodescia

ndcjinthePCS,thenodeclosesttothebottomofallthecom

monpredecessornodes.Then,forPCSasshowninFigure

4,thematrix 'M

ofmeasuringlearninginfluencebetweennodesis:

 

1 0.8 0.2 0.4667 0.4167 0.1667 0.6667 0.3143

0.4 1 0.1667 0.8571 0.6429 0.1429 0.2857 0.4312

0.2 0.1667 1 0.1429 0.6429 0.8571 0.1429 0.4312

0.3333 0.4286 0.1429 1 0.375 0.125 0.25 0.6297
M'=

0.3333 0.4286 0.4286 0.375 1 0.375 0.25 0.5926

0.1667 0.1429 0.4286 0.125 0.375 1 0.125 0.1111

0.3333 0.2857 0.1429 0.25 0.25 0.125 1 0.5556

0.2857 0.375 0.375 0.4444 0.4444 0.1111 0.4444 1

 
 
 
 
 
 
 
 
 
 
 
  

  

Thenforthenewknowledgepoint,Formula3isproposed

tocalculatethelearningexpectationonthebasisofFormu

la2. 

   pcs i j

1_

1
c ,c

n

k i

ik num

D inf s
inf 

    (3) 

Where

 _

1

,
n

k num pcs i k

i

inf inf c c


 ,nisthenumberofpredecesso

rsofnodesck,ciisanypredecessornodeofck.. is

isthescoreofthelearner'sknowledgepointsobtainedthr

oughthetest. 

  

Figure.5Learningexpectationofnodesanditscorrelativedata 

Iftheexpectationofanodeisgreaterthanthepresentedthr

esholdofallowedaccess,itwillbeplacedintothezone-wi

thin-learnability,otherwiseintothezone-beyond-learn-

ability.Thesettingofthresholddependsonthesituation,f

orexampleitcanbesetlowerinarelaxedlearningenviron

ment. 

TheexperimentalresultsareshowninFigure5.Thisisaco

gnitivestructureofalearnerwiththethemeof"solution",i

nwhichtheknowledgepointsthathavebeenlearnedarem

arkedasgreen.Thelearnablethresholdofeachknowledg

epointissetas70.Thelearningexpectationoftheknowle

dgepoint"ionizationequilibrium"inthefigureisgreatert

hanthethreshold,whichmeansthatit'sanewknowledgep

ointthatyoucanlearnrightnow,andmarkedblue.Thoseb

solution

solvent solute

polar solvent non-polar solvent non-electrolyte electrolyte

solubility weak electrolyte strong electrolyte

ionization equilibrium

water weak acid weak reduction

hydrolysis equilibrium

weak acid weak base salts weak acid strong base salts strong acid weak base salts

include include

include include can't ionization
can ionization

attribution
partial ionization

complete ionization

has

lie in lie in lie in

lead to

lie in lie in lie in

attribution
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elowthelearnablethresholdaremarkedinredtoindicatet

henewknowledgepointsthatarenotcurrentlysuitablefo

rlearning. 

5.Conclusion 

Asthemostimportantfactoroflearningefficiency,perso

nalizedcognitivestructureisthebasisforouronlinelearni

ngsystemtoprovidelearningobjectivepushservice.Wit

htheanalysisofknowledgepointsaswellastherelationbe

tweenthem,thispaperdefinesthedisciplineknowledgeo

rdermapasthestableknowledgeframeworkforlearners.

BecausethestaticKOMcannotkeepupwiththedynamic

changesofthelearningsituation,attributeextensionisca

rriedout.Thenareal-timeupdated,personalizedcognitiv

estructurethatmatchesthelearner'scognitiveleveliscon

structed. 

Inordertobeinlinewiththelearningprocess,thepersonal

izedcognitivestructureislayered,andperfecthierarchic

alinformationplaysanimportantroleinmeasuringtheofl

earninginfluencebetweenknowledgepoints.Intermsof

theapplicationofpersonalizedcognitivestructurewepro

poseamethodtomeasurethelearninginfluencebetween

nodesinPCS,whichenabletheonlinelearningsystemtoc

alculatethelearningexpectationofthenewknowledgep

ointaccordingtothelearner'scurrentcognitivelevel.Soa

stothesystemcanpushtheappropriatenextlearningobje

ctiveforlearnersandimprovetheefficiencyofonlinelear

ning. 

Anothernote:Figure3andFigure5wereautomaticallydr

awnbytheknowledgevisualizationeditingsoftwaredev

elopedbyourselves. 
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