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ABSTRACT

Theanalysisoflearningbehaviorsfromthelogdataofdigitaltextbooksisbeneficialforimproving
educationsystems.Thefocusofdiscussioninanyanalysisoflearningbehaviorsisoftenondiscovering
therelationshipsbetweenlearningbehaviorandlearningperformance.However,littleattentionhas
beenpaidtoinvestigatingandanalyzinglearningpatternsorrulesamonglearningstyleofindex
(LSI),cognitivestyleof index(CSI),andthelogsofdigital textbooks.Inthisstudy, theauthors
proposedamethodtoanalyzelearningpatternsorrulesofreadingdigitaltextbooks.Theanalysis
methodusedassociationanalysiswiththeApriorialgorithm.Theanalysiswasconductedusinglogs
ofdigitaltextbooksandquestionnairestoinvestigatestudents’learningandcognitivestyles.From
thedetectedmeaningfulassociationrules,thisstudyfoundthreestudenttypes:poorlymotivated,
efficient,anddiligent.Theauthorsbelievethatconsiderationofthesestudenttypescancontribute
totheimprovementoflearningandteaching

KEywoRDS
Association Rule, Cognitive Style, Digital Textbooks Reading Log, Learning Analytics, Learning Style

INTRoDUCTIoN

Withthedevelopmentofe-publishingtechnologiesandstandards,itiseasytoobtaindigitalbooks,
suchas“livingbooks,”“talkingbooks,”and“CD-ROMbooks,”fromtheInternet(Yinetal.,2015).
Digitalbookshavebecomeapotentiallyeffectivepedagogictool(Hezroni,2004;Reinking,1997;
Snyder,2002),indicatedbythefactthatdigitalbookreadinghasincreasedsignificantlyintheUnited
States(Leeetal.,2012).Consequently,traditionaltextbooksarebeingincreasinglyreplacedbydigital
textbooks(Ren,Uosaki,Kumamoto,Liu,&Yin,2017).

Manyresearchershavebeenpayingattentiontothedevelopmentofdigitalbookstosupport
teaching,learning,andscholarship.Byusingdigitalbooks,largebodiesoflogdatacanbeaccumulated,
theanalysisofwhichcanbeusedtoperformlearninganalytics.

Learninganalyticscanbeusedinmakingsuggestionstopolicymakers,instructors,andlearners
(Baker&Inventado,2014;Hwang,Hsu,Lai,&Hsueh,2017).Therefore,learninganalyticshave
becomeanimportantissueineducation(Hwang,Chu,&Yin,2017)thathaveentailedimportant
changesineducationalresearch.
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Theobjectiveof learninganalytics is toprovidehelpful information tooptimizeor improve
learningdesigns,learningoutcomes,andlearningenvironmentsbasedontheanalysisresults(Greller
&Drachsler,2012;Hwang,Chu,&Yin,2017).

Intheanalysisoflearningbehaviorsinthisstudy,weusedadigitaltextbooksystemtocollect
students’learninglogs.Learninglogisdefinedasadigitalrecordofwhatlearnershavelearnedina
formalandaninformalsetting(Ogata,Hou,Uosaki,Mouri,&Liu.,2014;Mouri,Ogata,&Uosaki,
2015).The systemwasused inacommercial lawcourse forundergraduate students,whichwas
conductedinentiretyinEnglish:ThestudentswereassignedreadingsinEnglish,andtheteacherspoke
inEnglish.Wealsousedquestionnairestocollectdataonstudents’learningstylesandcognitivestyles.

Usingthesedata,weappliedtheassociationanalysismethodwiththeApriorialgorithmtoanalyze
students’learningpatternsorrules.Oneoftheadvantagesofanalyzingthelearningpatternsorrules
isthepreemptivepredictionofstudents’finalgradeandprogressesinthefuture.Asaresult,teachers
canimprovetheirteachingstrategiesandsupportstudents’learningbehaviors.Fromtheanalysis,this
studyfoundthreemeaningfulstudenttypesbyconsideringthedetectedassociationrules.

LITERATURE REVIEw

Previous Studies of Data Collection
Datacollectionisthefirststepinlearninganalysis(Yin,Hirokawa,etal.,2013;Yin,Sung,etal.,
2013).Yinet al. (2016)performeda reviewofprevious research to survey themethodsofdata
collection.Basedonthedatacollectionsource,previousstudiesofdatacollectioncanbeclassified
intothreetypes:Questionnaire-BasedDataCollection(QDC),ManualDataCollection(MDC),and
AutomaticDataCollection(ADC)(Yinetal.,2014;Yinetal.,2017).

• QDC.Inthismethod,dataarecollectedbyusingapredesignedquestionnaire.Thequestionnaire
isatooltoelicitspecificresponsesfromtheparticipantsofthesurvey,anditisadata-gathering
methodusedtocollectandanalyzethefeedbackofagroupofpeoplefromatargetpopulation.

• MDC.Inthismethod,amanualdatacollectionsystemisopentousersofthesystemtoconsciously
providedataabouttheirlearningbehaviors.Usersmaysavedatathattheyconsiderusefulthrough
thesystembythemselves.Forexample,ifastudentencountersinterestingimagesthatheorshe
wantstosharewithhisorherfriends,thenheorshecancaptureimagesfromanauthenticand
shareableenvironment.

• ADC.Inthismethod,students’logdataforlearningbehaviorsareautomaticallyrecordedwhile
readinge-documents.For example,Yin et al. (2015) analyzed learningbehavior to identify
students’learningstyleusingdatafromtheautomaticallyrecordedreadinglogsofthestudents’
digital textbooks. By using the same digital textbook log data, Shimada, Okubo, Yin, and
Ogata(2017)summarizedlectureslidestoenhancepreviewefficiencyandimprovestudents’
understandingof thecontent,andMouriandYin(2017)foundsomepatternsfor improving
learningmaterials.

Inthepresentwork,weusedQDCandADCmethodstocollectdata.Threekindsofdatawere
usedtoanalyzestudents’learningpatterns.Thefirstwaslogdatafromdigitaltextbooks(ADC).The
secondwasstudents’learningstyledatacollectedthroughtheIndexofLearningStylesquestionnaire.
FelderandSoloman(2001)developedthisquestionnairetoassesspreferencesonfourdimensions
(active/reflective,sensing/intuitive,visual/verbal,andsequential/global)ofalearningstylemodel.
Thethirdwasstudents’cognitivestyledata,collectedwiththeCognitiveStyleIndexquestionnaire.
AllinsonandHayes(1996)developedthisquestionnaire,whichiswidelyusedtomeasurecognitive
stylesinthefieldofeducation.
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Digital Textbooks
Inthepastdecade,variousstudieshavebeenconductedtoinvestigatetheeffectivenessoflearning
withdigitaltextbooks.Forexample,Shepperd,Grace,andKoch(2008)comparedtheefficacyof
digitaltextbooksandtraditionaltextbooksandindicatedthatstudentsratedtheusabilityofdigital
textbookspositively.Rockinson-Szapkiw,Courduff,Carter,andBennett(2013)comparedthelearning
effectivenessofdigitaltextbooksandtraditionaltextbooksandfoundthatdigitaltextbooksareas
effectiveforlearningastraditionaltextbooks.

Incontrast to traditional textbooks,digital textbookscanofferdigital listening,reading,and
vocabularypractice.Therefore,itisnecessarytoconsiderthedesignofdigitaltextbooksforoffering
effectivelearning.Gu,Wu,andXu(2015)reportedtheimportanceregardingthedesignofdigital
textbooksandsuggestedthatwell-designeddigitaltextbookspositivelyenhancelearning.

Therefore,manyresearchersconcurthatdigitaltextbookshavebecomeapotentiallyeffective
pedagogic tool to support teaching, learning, and scholarship (Hezroni, 2004; Reinking, 1997;
Snyder,2002).

Alargebodyoflogdatacanbeaccumulatedusingdigitaltextbooksystemsforthepurposeof
monitoringstudents’activities.However,therearefewstudiesanalyzingtherelationshipsbetween
learners’ learningstyle,cognitivestyle,and the logdata fromdigital textbooks.Webelieve that
analyzingsuchrelationshipscanhelpinprovidingdifferentformsofeffectivelearningsupportin
accordancewiththeirlearningandcognitivestyles.

Association Analysis
ThisstudyemployedassociationanalysisusingtheApriorialgorithm.Thismethodisdesignedto
extractassociationrulesfromadatabasecontainingtransactions,suchascollectionsofitemsbought
bycustomersordetailsofwebsitefrequentation.Ineducationaltechnologyfields,researchersfocus
onthismethodofanalysistomineregularitiesamongsomeparametersofeducationalbigdata.

Forexample,Behrouz,Gerd,andWilliam(2004)foundassociationrulesbygroupingstudents
whowereenrolledinanonlineeducationsystembasedonparameterssuchasGPA(GradePoint
Average),age,andgender.Intheirstudy,iftherewerestudentswithGPAscoresbetween3.0and
3.5,thesystemcangivethemtheprobabilityofwhethertheycanpassacoursethattheywillattend
basedonthedetectedassociationrules.

Mouri and colleagues (Mouri, Ogata, & Uosaki, 2016; Mouri, Okubo, Shimada, & Ogata,
2016)usedassociationanalysistomineusefulrulesorpatternsfromlearninglogsaccumulatedin
aubiquitous learningsystem.Byproviding themadvicebasedon thedetectedassociationrules,
students’learningactivitiesininformalsettingscanbeimproved.However,littleattentionhasbeen
paidtoanalyzingdatasuchasLearningStyleIndex(LSI)andCognitiveStyleIndex(CSI)tofind
theassociationrulesbetweenlearningstylesanddigitaltextbooklogs.Byanalyzingtherelations
betweenlearningstylesanddigitaltextbooklogs,thereisapossibilitythatwecanidentifyimportant
associationrulestopredictfuturelearners’gradebasedontheirlearningstylesanddigitaltextbook
logs. Therefore, this study focuses on analyzing logs collected in a digital textbook system in
combinationwithresultsfromthelearning-styleorcognitive-stylequestionnaires.

SySTEM

The Architecture and Interface of the Digital Textbook System
TheserversiderunsonCentOS,and it isprogrammedusingJavaandMysql.Theclientside is
workingonawebbrowserusingHTML5and javascript.Theuserscanregisterandreaddigital
textbooksanytimeandanywhere.

A web-based digital textbook system using the e-pub format was developed for use in this
research.Thisdigital textbooksystemwasdevelopedtocollectdatafromclasses.Thesystemis
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namedDigitaltextbookforImprovingTeachingandLearning(DITeL).TheDITeLsystemcanbe
usednotonlyonpersonalcomputers,butalsoonsmartphones.Specifically,thisdigitalsystemcan
beusedanywhereandanytime.TeachersandstudentscanusetheDITeLsystemandreadadigital
textbookonmobiledevicessuchasiPads,iPhones,andAndroid.Inaddition,theirlearninglogswere
collectedtoanalyzetheirlearningbehaviorstoimprovetheDITeLsystem.

Figure1andFigure2showtheinterfaceforstudentsandteachers,respectively.Byusingthis
onlinedigital textbookreadingsystem,wecancollectdata like“turning tonext/previouspage,”
“memo,”“zoomin/out,”and“addingmarker.”Alloftheseactionsarestoredtothedatabase.These
datawereusedtoanalyzelearningbehaviors.

Turningtonext/previouspage.Studentscanreadtheteachingcontentrepeatedly;theycango
tothenextpagebyclickingthe“Next”button,andbacktracktothepreviouspagebyclickingthe
“Prev”button.

Memo.Whenauserwantstomakeamemoonthelearningcontent,heorsheclicksthe“Memo”
button,whichshowsatextbox.Afterthememoiswritten,theactionnamewillbesavedas“Memo.”

Zoomin/out.Thezoomin/outfunctioncanhelpstudentsreadthecontentsmoreclearly.
Addingmarker.Whenauserwantstohighlightsometextinthelearningcontent,heorshewill

clickthe“abchighlight”or“Underline”button,andtheactionnamewillbesavedas“Highlight”
or“Underline.”

Theteachercanregistereachstudent’snameandnumberintothesystem.Beforethestudents
logintothesystem,thedigitaltextbookandotherrelevantmaterialsareuploadedtothesystemby

Figure 1. Student interface of DITeL
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theteacher.AsshowninFigure2,whentheteacherclicksthe“TextbookList”button,a“Textbook
List”windowwillappear,andwhentheteacherclicksthe“Registration”button,a“TextbookUpd”
windowwillappeartoteacher.Attheend,theteachercanselectanduploadtheteachingmaterials
intothesystem.

Eachstudentwillhaveanindividualaccounttoenterintothesystem,sothataseparaterecord
iskeptforthelearningactivitiesinthiscourse.

Log Data from the DITel System
ThedatawerecollectedfromtheDITeLsystem.Table1showsasampleofreadingactionlogs.One
datalogcontainsthedate,time,userID,learningcontentID,pagenumber,useraction,andotherdata.

Participation
TheDITeLsystemwasusedinacommerciallawcourseforundergraduatestudents.Thiscoursewas
conductedwhollyinEnglish:ThestudentswereassignedEnglishreadings,andtheteacherspokein
English.Atotalof50,000recordsweregatheredfromMarchtoJuly2017.

Figure 2. Teacher interface of DITeL
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A totalof41undergraduate studentsparticipated in this study.Theparticipantswereasked
toreadcertainlearningcontent(272pages)viathedigitaltextbooksystem.Themeanageofthe
participantswas20years.

Theconfidentialityoftheparticipantswasprotectedbyhidingtheirpersonalinformationduring
theresearchprocess;moreover,theyknewthattheirparticipationwasvoluntaryandthattheycould
withdrawfromthestudyatanytime.

ANALySIS METHoD

Theassociationanalysiswasconductedusingthe“arules”package(2017)oftheRlanguageand
transactiondatabasedondigital textbook logs,LSI, andCSIquestionnaires.Table2 shows the
rankingthatwasestablishedfromtheindividualstudents’readingtimesbasedonthetotaltimeof
thepageflippinglogs.Themeanandmedianwere5,407and5,402respectivelyfortherankAgroup,
3,553and3,586respectivelyfortherankBgroup,and1,849and1,808respectivelyfortherankC
group.Thereadingtimewascategorizedintothreeranks:A(thetop33%),B(themiddle33%)and
C(thebottom34%).Thestudentswereclassifiedintothesethreetypesaccordingly.Table3shows
thepartsoftransactiondata.BasedonFelderandSoloman(2001),thefourdimensionsofLSIwere
dividedintoLSI1(ActiveorReflective),LSI2(SensingorIntuitive),LSI3(VisualorVerbal),and
LSI4(SequentialorGlobal).BasedonAllinsonetal.(1996),therangesofCSIscoreswereclassified
intothreecognitivestyles,namelyAnalytic,Adaptive,andIntuitive((Table2).

Theanalysisdetected5623associationrules(Figure3).Thehorizontalaxisrepresentsthesupport
value,andtheverticalaxisrepresentstheconfidencevalue.Supportisanindicationofhowfrequently
thedetectedrulesappearinthedatabase;thus,supportistherelativefrequencyoftransactionsthat
containXandY(XandYareitemsets).Confidenceisanindicationofhowoftentherulehasbeen
foundtobetrue.Thisstudydecidedthetworegions(1)and(2)throughexperthumanjudgmentwith
thedetectedassociationrules.

Region(1)includestheassociationruleswhosesupportislessthan0.1,anditsconfidenceisless
than0.6.Theexpertswerenotabletofindimportantassociationrulessuchastherelationsamong
learningstyles,digitaltextbooklogs,andlearningachievementsifthesupportvalueislessthan0.1and
theconfidencevalueislessthan0.6.Therefore,wedonotconsidertheassociationrulesofregion(1).

Table 1. Sample action log

Userid Action Name Document ID Page Number Action Time

Student1 Next 00000000NBU4 16 2014/10/228:40:55

Student1 Prev 00000000NBU4 15 2014/10/228:42:15

Student2 AddMarker 00000000NBU4 15 2014/10/228:42:16

Student3 AddMemo 00000000NBU4 15 2014/10/228:42:18

Table 2. The ranking of reading time

Rank Criteria Sum of reading time 
(seconds)

Mean 
(seconds)

Median 
(seconds)

A Top33% 91,919 5,407 5,042

B Middle33% 53,303 3,553 3,586

C Bottom34% 29,590 1,849 1,808
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Region(2)includestheassociationruleswhosesupportisgreaterthan0.1,anditsconfidenceis
greaterthan0.6.Thenumberofdetectedassociationrulesinthisregionwas712.Thisstudyanalyzed
therelationshipsamongthetestscores,readingtimes,LSI,andCSIbasedontheassociationrules
withdetectedhighsupportandconfidencevalues.

RESULT

First,todeterminetherelationshipsamongCSIandotherparameters,wedetectedassociationrules
iftheRight-Hand-Side(RHS)representstheAnalytictypeofCSI.Table4showstheassociation
rulescontainingoneortwofactorsintheLeft-Hand-Side(LHS)andRHSwiththeAnalytictypeof
CSI.Thecolorofeachcellrepresentstheconfidencevalueifthesupportvalueisgreaterthan0.1.
Forexample,(1)inTable4indicatesoneassociationruleifLHSis“LSI1=Reflective”and“LSI2
=Sensing”andRHSis“CSI=Analytic,”andtheconfidencevalueis0.626.

Table 3. The parts of transaction data

ID OP Pre-test Post-test Reading time LSI1 LSI2 LSI3 LSI4 CSI

1 NEXT 80 90 A Active Sensing Visual Sequential Analytic

2 NEXT 80 90 A Active Sensing Verbal Sequential Adaptive

3 PREV 70 80 B Reflective Intuitive Visual Global Intuitive

4 NEXT 80 90 A Reflective Intuitive Verbal Global Intuitive

Figure 3. The distribution of the detected association rules
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Whencomparingeachlearningstylethroughthepre-testandpost-testsores,associationrules
werefoundwhenthestudentshadareflectivetypeofLSI,andthepre-testscorewas80,post-test
score90,andpost-testscore100.Theseassociationruleshadsignificantrelationshipsbecausetheir
confidencelevelsarehigherthanotherfactorssuchasthesensingorvisualsequentialtypeofLSI.
Whencomparingeachlearningstylewiththereadingtime,associationruleswerefoundinthecases
wherethestudentshavethereflectivetypeofLSIand“readingtime=A.”Thisfactindicatesthat
studentsofthereflectivetypewith“readingtime=A”fitintotheanalytictypeofCSI.

Followingtheaboveresults,thisstudyfurtherexploredthedatatofindassociationrulesincases
wheretheRHSrepresentsthereflectiveoractivetypesofLSI.Table5showsthecross-tabulation
ofLSIwiththereflectivetype.Theassociationrulesbetweeneachlearningstyle,suchassensing,
visualsequential,andglobal,andotherfactorswerefound,buttheseassociationruleshadlower
confidencevalues.

Significantassociationrulesamong“readingtime=A”andpre-testandpost-testscoreswere
found.Fortheassociationrulebetweenpre-testscore80andpost-testscore90,theconfidencevalue
was1.Thereweresevenstudentswhoincreasedtheirtestscoresby10pointsfrompre-test80to
post-test90.TheyfitintothereflectivetypeofLSI.Table6showsthecross-tabulationoftheLSI
withtheactivetype.Fortheassociationrulebetweenpre-test90andpost-test80,thereweresix
studentswhodecreasedtheirtestscoresby10pointsfrompre-test90topost-test80.Theyfitinto
theactivetypeofLSI.Amongtheassociationrulesofreadingtimewereassociationrulesindicating
thatLHSis“readingtimeB”or“readingtimeC.”

Table 4. Cross-tabulation of the CSI with analytics
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Table7showsthecross-tabulationofLSIwiththevisualtype.Associationruleswerefound
indicating thatLHSwasassociatedwithreflective,sensing,global,andsequential typesofLSI;
however,theseassociationruleshadalowerconfidencevalue,thatis,lessthan0.8.

AmongtheassociationrulesofCSI,itwasfoundthattheconfidencevalueoftheadaptivetype
washigherthanthatoftheanalytictype,whileamongtheassociationrulesofreadingtime,there
wereassociationruleswherebyLHSfellinto“readingtimeA,”“readingtimeB,”or“readingtime
C.”Whencomparingeachreadingtimewithhighconfidencevalues,associationruleswerefound
suchthatLHSfellunderthereflectivetypeofLSIwith“readingtimeA”andthatLHSfellunderthe
sensingorglobaltypeofLSIwith“readingtimeC.”Thismeansthatamajorityofthestudentswith
thereflectivetypeofLSIwith“readingtimeA”orsensingorglobaltypeofLSIwith“readingtime
C”wereassociatedwiththevisualtypeofLSI.Amongtheassociationrulesconcerningthepre-test
andpost-testscores,ameaningfulassociationrulewasfoundthatLHSfellunderpre-testscore90
withpost-testscore90.Thismeansthatstudentswhoreceivedapre-testscore90andapost-test
scoreof90or100fitintothevisualtypeofLSI.

Fromthesemeaningfulassociationrules,thisstudymainlycategorizedthreestudenttypes:Poorly
Motivated,Efficient,andDiligent(Figure4).Thediligenttypemeetsfiveconditions:Pre-testscore
80,Post-testscore90,“LSI=Reflective,”“CSI=Analytic,”and“ReadingtimeA.”Theefficienttype
fulfillsfiveconditions:Pretestscore90or100,Post-testscore90,“LSI=Visual,”“CSI=Adaptive,”
and“Readingtime=A,B,orC.”Thepoorlymotivatedtypesatisfiesfourconditions:Pre-testscore
90,Post-testscore80,“readingtimeBorC,”and“LSI=Active.”Basedontheseconditionsaswell
asthequestionnaireresultsforLSIandCSI,thethreestudenttypeswereidentified.

Table 5. Cross-tabulation of the LSI with the reflective type



International Journal of Distance Education Technologies
Volume 17 • Issue 1 • January-March 2019

10

DISCUSSIoN

From the results in Figure 4, this study identified three student types. Poorly motivated type is
characterizedbyalowerreadingtimeofdigitaltextbooksthanothertypes.Weconsideredthatthe
activestudentsdidnotpreferthinkingaboutandreflectingonthingsthroughreadingdigitaltextbooks.
Previousstudieshavereportedthatactivelearnerslearnbydoingsomethingwiththeinformation
obtained.Theyprefertoprocessinformationbytalkingaboutitandtryingitout.Therefore,when
teachersidentifythestudenttypeinthequestionnairestage,itisnecessarytodesigninteractivedigital
textbooksthatstudentscaninteractwithfunctionssuchasaudios,videos,andsoon.

TheefficienttypeofstudentsincludestheadaptivetypeofCSIandthevisualtypeofLSI.The
adaptivestyleimpliesabalancedblendofintuitionandanalyticalstyle.Inaddition,visuallearners
prefer visual presentationsofmaterials.They likepictures, diagrams, graphs, and charts. In the
evaluationexperiments,studentswereabletoobtaingoodscoresinthepre-testandpost-testeven
thoughwewerenotabletopreparerichdigitaltextbookswiththeidealnumberofpictures,diagrams,
andgraphs.Thus,ournextanalysisshouldbemorecarefullyplanned(withwell-designeddigital
textbooksornot).

Ontheotherhand,adiligenttypehasahigherreadingtimeofdigitaltextbooksthanothertypes.
Reflective learners learnby thinkingabout information.Theyprefer to think things throughand
understandthingsbeforeacting.Therefore,itisnecessarytodesigndigitaltextbooksthatpromote
criticalthinking.

CoNCLUSIoN

This studyanalyzed the learningpatternsor rulesusingdigital textbook logswithLSIandCSI
questionnaires.Tocollectstudents’digitaltextbooklogs,theDITelsystemwasdevelopedandused
inacommerciallawcourseforundergraduatestudents.Thedatacollectionperiodforthedigital
textbooklogswasfromMarchtoJuly2017.Atotalof41undergraduatestudentsparticipatedinthis
study.TheywereaskedtoanswertheLSIandCSIquestionnairestoinvestigatetheirlearningand
cognitivestyles.

Table 6. Cross-tabulation of the LSI with the active type
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Table 7. Cross-tabulation of the LSI with the visual type

Figure 4. Three student types categorized based on the detected association rules
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ThisstudyusedassociationanalysiswiththeApriorialgorithm.Usingtheanalysismethod,we
found5,265associationrules.Furthermore,wecheckedtofindmeaningfulassociationrulesusing
humanjudgmentinaccordancewiththeindicationsofsupportandconfidence.

Based on the association rules, we found the following categories: The criteria of “CSI =
Analytic”and“LSI=Reflective”onRHSandmeaningfulconditionsdetectedof“ReadingtimeA,”
“Pre-testscore80,”and“Post-testscore90”categorizethediligenttype.“LSI=Visual”and“CSI
=Adaptive”onRHSandmeaningfulconditionsdetectedof“ReadingtimeA,B,orC,”“Pre-test
score90or100,”and“Post-testscore90”categorizetheefficienttype.Finally,“LSI=Active”on
RHSandmeaningfulconditionsdetectedsuchas“ReadingtimeBorC,”“Pre-testscore90,”and
“Post-testscore80”categorizethepoorlymotivatedtype.

Insum,themaincontributionofthisstudyistofindlearningpatternsorrulesforenhancing
education.Byconsideringthedetectedlearningpatterns,webelievethatteacherscanprovidesupport
particularlytostudentsofthepoorlymotivatedtypeinadvance.Inthefuture,wewillconsidera
dashboarddevelopment(Lkhagvasurenetal.,2016)topredictstudenttypesinaccordancewiththeir
learninglogsandLSIandCSIquestionnaires.
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