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Abstract

Arecommendesystemin ane-learningcontext is a soft-
ware agentthat tries to "intellig ently” recommendhctions
to a learnerbasedon the actionsof previouslearners. This
recommendatiorrould be an on-line activity suc as do-
ing an exercise readingpostedmessgeson a confeencing
systempr running an on-line simulation,or could be sim-
ply a webresouce Theserecommendatiosystemsave
beenrtried in e-commereto enticepurchasingof goods but
havent beentried in e-learning This paper suggeststhe
useof web mining techniquesto build suc an agent that
couldrecommendan-linelearningactivitiesor shortcutsin
a coursewebsite basedon learners’ accesshistoryto im-
prove course material navigationas well as assistthe on-
line learning process.Thesetechniquesare consideedin-
tegratedwebminingasopposedo off-line webminingused
by expertusesto discover on-lineaccesgatterns.

1. Intr oduction

Web-basedearning environmentsare becomingvery
popular Typical web-basedearning ervironments,such
asVirtual-U [3] andWeb-CT|[17], include coursecontent
delivery tools, synchronousand asynchronougonferenc-
ing systemspolling and quiz modules virtual workspaces
for sharingresourceswhite boards,gradereporting sys-
tems, logbooks, assignmensubmissioncomponentsgtc.
In avirtual classroomeducatorsrovide resourcesuchas
text, multimediaand simulations,and moderateand ani-
matediscussions.Remotelearnersare encouragedo pe-
rusetheresourceandpatrticipatein actvities. However, it
is very difficult andtime consumingfor educatorgo thor-
oughly track and assessll the actvities performedby all
learnerson all thesetools. Moreover, it is hardto evalu-
atethe structureof the coursecontentandits effectiveness
on the learningprocess. Resourceproviders do their best
to structurethe contentassumingts efficacy [18]. When
instructorsput togetheran on-line course,they may com-
pile interactive coursenotes simulationsdemos gxercises,

quizzes,asynchronougorums, chattools, web resources,
etc. This amalgamof on-line hyperlinked material could
form a complex structurethatis difficult to navigate. De-
signersandinstructorswhendevising the on-line structure
of the courseand coursematerial, have a navigation pat-
ternin mind andassumell on-linelearnersvould follow a
consistenpath;the pathputforth in the designandmateri-
alizedby somehyperlinks.Learnershowever, couldfollow
differentpathsgeneratinga varietyof sequencesf learning
activities. Oftenthis sequencés nottheoptimumsequence,
andprobablynot the sequencéntendedby the designer It
is very difficult to assesshe on-linelearningactivitiesin a
web-basedystem.

Whatdistinguisheghe datathat resultsfrom web-based
activities in generaland e-learningactiities in particular
is the sheercompleity of theinformationandthe vastsize
of the datacollected,aswell asthe factthat simpleinfor-
mationextractionis not possible.Informationmustbe de-
ducedby interactve datamining and associatedisualiza-
tion techniquesVisualizationcanbe usedeitherto visual-
ize the patternsdiscoveredby datamining, andthusis for
evaluationand interpretationof the discoveries,or for the
visualizationof dataitself. In this latter casevisualization
becomegpartof datamining asaninteractve procesq10].
To understandhe behaiour of webusersaccessingn-line
resourcesyisualizationis paramount. However, it is not
clearhow to analyzeandvisualizeweb usagedatainvolv-
ing long sequencesf on-line activities withoutloosingthe
big picture[2]. Therearespecifictoolsfor visualizingweb
datasuchasinterconnection®f web resourceg13], tools
for visualizingweb navigation patterng4], andtoolsto vi-
sualizethechangesn websitesor webusageovertime[6].
Noneof thesearegoodor evenadequatdor theassessment
of e-learningactiities or relatedon-linecoursesTheprob-
lem of efficiently and usefully visualizing e-learningweb
dataremainsanopenresearclhissue.

EducatorspusingWeb-basedearningervironmentsare
in desperataeedfor non-intrusive and automaticwaysto
getobjective feedbackirom learnersin orderto betterfol-
low the learning processand appraisethe on-line course
structureeffectiveness.On the learners side, it would be



very useful if the systemcould automaticallyguide the
learners activities andintelligently recommendn-line ac-
tivities or resourcesthat would favour and improve the
learning. The automaticrecommendatiortould be based
on the instructors intendedsequencef navigationin the
coursematerial,or, moreinterestingly basecbn navigation
patternsof othersuccessfulearners.

In this paper we suggesthe constructionof suchauto-
matic recommendatiogystemfor Web-basedearningen-
vironmentghattakesinto accountprofilesof on-linelearn-
ers, their accesshistory and the collective navigation pat-
terns,and usessimple datamining techniquesnpamelyas-
sociationrule mining. The following sectionpresentsveb
mining in thecontext of e-learning.Section3 discussesgec-
ommendatiorsystems. AssociationRule mining is intro-

ducedin Section4 aswell ashintson how arecommenda-

tion systemcouldbebuilt. Finally, Section5 presentsome
concludingremarks.

2. Use of web mining for developing smart e-
learning systems

All accesseso a web site or a web-basedapplication
aretracked by the web sener in a log containingchrono-
logically orderedtransactionsndicatingthat a given URL
wasrequestedat a giventime from a given machineusing
agivenwebclient (i.e. browser). Web senerlog files cus-
tomarily contain: the domainname(or IP addresspf the
request;the usernameof the userwho generatedhe re-
quest(if applicable);the dateandtime of the request;the
methodof thereques{GET or POST);the nameof thefile
requestedthe resultof the request(successfailure, error,
etc.);thesizeof thedatasentback;the URL of thereferring
page;theidentificationof the client agent;anda cookie,a
stingof datageneratedby anapplicationandexchangede-
tweentheclientandthesener. A log entryis automatically
addedeachtime a requestfor a resourcereacheshe web
sener. Theselog entriesarenotin aformatthatis usable
by mining applicationsand requireto be reformattedand
cleansedn orderto identify real sessiorinformation, path
completion.etc. [8]. Thereexist somestatisticaltools that
give rudimentaryanalysisof the web logs and provide re-
ports on the most popularpages,the mostactive visitors,
etc. in giventime periods[9]. However, thesetools offer
very few insightson whatis really happeningn the web
site, andthe analysisprovided areshallav [20] sincethese
tools basically count pageaccessegcalled hits) indepen-
dently. In otherwords,their ability to help understandhe
implicit usageinformation and hiddentrendsin learners’
on-lineaccesdehaiour is very limited.

Data mining is a pivotal stepin the overall processof
knowledgediscovery from data. This processalsoknown
asKDD, comprisegdatacollection,datacleaningandpre-

processingdata integration, data selection,data mining,
andfinally the evaluationof discoveredpatterns,possibly
usinginteractie visualization. Datamining is the stepin
which, using advancedtechniquesjnterestingand poten-
tially useful patternsare extractedfrom a setof large, al-
ready cleanseddata sources[12]. Theseadwancedtech-
niguescompriseautomaticclassificationof data, cluster
ing, the discovery of associationsnd correlationbetween
data,characterizatioandsummarizatiorof data,discovery
of discriminantfeaturesjdentificationof outliers,etc.

Applying data mining techniqueson web logs to dis-
cover usefulnavigation patternsor deducehypothesighat
canbeusedo improvewebapplicationds themainideabe-
hind webusagemining. Web usagemining canbe usedfor
mary differentpurposesandapplicationssuchasuserpro-
filing andwebpagepersonalizatiorsener performancen-
hancementweb site structureimprovement,pre-fetching,
etc. [15]. Somenewn experimentaltools usedatamining
techniquego extract hidden patternsfrom the large web
logs. SystemsuchasWebSIFT[7] andWebLogMiner[20]
aresetsof comprehensie web usagetools thatareableto
performmary datamining tasksand discover a variety of
patterndrom weblogs. Theseareversatilesystemghatdis-
coverinterestingpatternssuchasassociationbetweervis-
ited web pagesfrequentsequentiapatternsgtc. However
thesewide-rangingtools are not integratedin e-learning
systemsandit is cumbersomédor an educatomwho doesnt
have extensive knowledgein datamining to usethesetools
toimprovetheeffectivenesof web-basedearningenviron-
ments[18]. A new webusagemining systemdedicatedor
e-learningis beingdevelopedto allow educatordo assess
on-line learningactiities [19]. This system,however, is
what we could call Off-line Web Mining. It is an after
mathanalysisthatcouldgive somehintson how anon-line
coursds effectively usedandhow its structurecouldbeim-
provedbasedon a comparisorof the intendedusageof the
coursematerialvis-a-vis the real usagetracked in the web
log. While mostdatamining algorithmsneedspecificpa-
rameter@ndthresholdvaluesto tunethediscovery process,
the usersof web usagemining applicationsin the context
of e-learningnamelyeducatorsande-learningsite design-
ers,arenot necessarilysarvy in the intricate compleities
of datamining algorithms[18]. Whereast is possiblewith
significantchallenge to designparameteifree algorithms,
simplifying the datamining procesdor the non-experts,it
remainsagreatchallengdor databasendmachindearning
researchergll]. Off-line web usagemining, if enhanced
with agooduserinterfacescanhelpeducatorputin ques-
tion and validatethe learningmodelsthey useaswell as
the structureof the web site asit is perusedby the learn-
ers. Whatwe adwocatein this paperis what we call Inte-
gratedWeb Mining. With integratedwebusagemining,the
patternsautomaticallydiscoveredarefed into anintelligent



software systemthat would assistlearnersin their on-line
learningende&ours. In otherwords, mined patternsare
usedon-the-fly by the systemto improve the application
or its functions. Oneattractive exampleis anadaptve web
site that makes use of a users accessistory to personal-
ize pagelayoutsandweb site structureautomatically[14].
This couldbecrucialfor custometoyalty for instance One
otherexampleof integratedweb mining is a recommenda-
tion systemthat suggestsctionsor resourceso a user of-
tencalledrecommendeagent.This softwareagent’learns”
from pastactiities of oneuseror agroupof usersandpre-
dictsactivities or pageshatagivenusermightbeinterested
in beforesuggestinghemto the user Somehave alsosug-
gestedhyperlink shortcutsby shorteningfrequentweb ac-
cesssequencediscoveredin theweblog [16].

3. RecommendationSystemsfor E-Learning

An "e-learningtaskrecommenderis arecommendation
systemthat would recommendh learningtaskto a learner
basednthetasksalreadydoneby thelearnerandtheir suc-
cessesandbasedon tasksmadeby other”similar” learn-
ers. Thesimilarity of thelearnercouldbeestablishedising
userprofiles,or couldbebasedncommonpreviousaccess
patterns.In principle, therearetwo major partsin the de-
signof suchanagent:a’learning” modulethatlearnsfrom
pastaccesspatternsand infers an individual or common
accesanodel; and an "advising” modulethat appliesthe
learnedmodelat giventimesto recommenactions.There
aremary waysto implementhis processsuchasdataclus-
tering,associatiomule mining, or collaboratvefiltering [5],
etc.

Software agentsthat recommendactions, products,or
otheritemshave beenusedin someapplications.However,
to the bestof our knowledgethereis no distanceleaning
systento datethatprovidessuchautomatedacilitiesto au-
tomatically suggestearningactiities or resources.n the
field of electroniccommercehowever, giventhe lucrative
prospectsasignificantresearcleffort hasbeenmadeto de-
vise elaboratamethodgo take advantageof customersac-
cesseandpurchasdehaioursin orderto enhancéhe pur-
chasingexperienceand customersatishction by userpro-
filing andsmartrecommendationgndthusincreaseprofit.
Recommenderareusedto boostsalesby displayingprod-
ucts or servicesa consumeris likely to be interestedin.
For example, systemsfor recommendatiorsuchas Ama-
zon.comthat suggestdooksor otherproductsto purchase
relatedto a currentpurchasebasedon preferencenforma-
tion and other userspurchases.The techniquesusedare,
however, very simple and not always accurateor even ef-
fective. Basically the programcompareghe setof items
purchasedby the currentcustomerwith the set of items
purchasedy other customersselectsthe customerswith

+t. Recommender Agent - Hetscape

Action Recommendation

Hello! You are about to start a test. Other
students with similar profile and history, whe
succeeded in this test, have also accessed
Section 3 of Chapter 2. You didn't.
Wawld you ke to access it nonve bafores
attempting the test?

=

Figure 1. Example of e-Learning action rec-
ommendation by the Recommender Agent

4.'..1. Recommender Agent - Hetscape

Shortcut Predictor
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Hello! Based on your previcus visits and on your
clicks today, T believe you are interested in these
following subjects. You can use one of these
shortcuts or simply ighore the suggestions.

+ Module 3.2 Watermarkoing

- Module 3.5 Encryption

+ Module 4.1 Signatures

+ Demo 3.3.1 Eole-based Access |

Cancel B

Figure 2. Example of shor tcut sug gestions by
the Recommender to improve navigation

the bigger item overlap with the currentcustomers item
set, thenfinally picks someitems not yet boughtby the
customeirbut presenin the basletsof customerswith high
overlapandpresentghemasa recommendatiotist to the
currentcustomer More sophisticatednethodstake into

accountratings of productsgiven by customersand se-
lect productsfor recommendatiofrom customerghatrate
itemsthe sameway or level asthe currentcustomer This
techniquealso usedin information retrieval for retrieving

text documentghat are similar is called collaboratie fil-

tering [5]. Recommendationf movies or music compact
discs,suchasmaoviefindercom,usescollaboratve filtering

by predictinga persons preferencess a linear weighted
combinationof otherpeoples preferences.

Sincewe do not have ratingsfor coursematerial,collab-
orative filtering is not applicablefor devising an accurate
recommendeagentfor e-learningactiities. Moreover, we
are interestedn recommendingeneficiallearningactivi-
tiesto enhanceon-line learning,aswell asrecommending
shortcutsor jumpsto someresourcego help usersbetter
navigatethecoursematerials Figurel and2 illustratethese
two casesfrom our prototypicale-learningRecommender
Agent. Theserecommendationsare triggeredafter some



particularwell-definedevents. Figure 1 showvs an action
recommendatiothatis triggeredby the learnerattempting
to take atest.In otherwords,theeventstart(action, quiz)

would activatetheagentwhichwould compareahelearners
profile andprevioussequencesf actionswith themodelal-

readylearntat pre-processingime usingthe web log and
otherlearners’profiles. In this casethe learneris advised
to consultsomeunreadmaterial. Figure2 shavs a shortcut
predictorthat suggests list of directlinks thelearnermay
considerfollowing. The predictionis basedon the current
sequencef actiities or pagesvisited by the learnerand
the frequentsequencesf visited pagesor learningactivi-

ties otherusersdid in the past. This predictoris triggered
by an eventencompassing given sequencef actions. In

otherwords, the event exist(sequence, s) wheres is the
a sequenc®f actvities, would activatethe predictorif the
currentsequencés a prefix of the sequence. Sucha soft-
wareagentcanbeimplementedisingassociationules.

4. Building a RecommenderAgent

Web usagemining performsmining on web data, par
ticularly datastoredin logs manageddy the web seners.
The weblog providesa raw traceof the learners’naviga-
tion andactuities on the site. In orderto processheselog
entriesand extract valuablepatternsthat could be usedto
enhancehelearningsystemor helpin thelearningevalua-
tion, a significantcleaningandtransformatiorphaseneeds
to take placesoasto preparethe informationfor datamin-
ing algorithms[18]. Web sener log files of currentcom-
mon web seners containinsufficient dataupon which to
basethoroughanalysis.However, they containusefuldata
from which a well-designeddata mining systemcan dis-
cover beneficialinformationandwhich canprovide a basis
for modelbuilding. The modelwe useto constructour rec-
ommendesystemis basedon associationmules.

4.1 AssociationRule Mining

Associatiorrulesareoneof thetypical rule patternghat
datamining tools aim at discovering. They arevery use-
ful in mary applicationdomains,but are mainly applied
in the businessworld asin market-baslet analysis. In a
transactionaldatabasevhere eachtransactionis a set of
itemsboughttogether associationrulesarerulesassociat-
ing itemsthat are frequentlyboughttogether A rule con-
sists of an anteceden{left-hand side) and a consequent
(right-handside). Example: I, I>,...I,, = I, 1s,...15.
Theintersectiorbetweertheantecederandtheconsequent
isempty If itemsin theantecederdareboughtthenthereis a
probabilitythattheitemsin theconsequentvouldbebought
aswell atthe sametime. An efficientalgorithmto discover

theseassociatiorruleswasfirst introducedin [1]. Theal-
gorithm constructsa candidateset of frequentitemsetsof
lengthk, countsthe numberof occurrenceskeepsonly the
frequentones thenconstructsa candidatesetof itemsetsof
lengthk+1 from the frequentitemsetsof smallerlength. It
continuesteratively until no candidatatemsetcanbe con-
structed.In otherwords,every subsebf a frequentitemset
mustalso be frequent. The rulesarethengeneratedrom
thefrequentitemsetswith probabilitiesattachedo themin-
dicatingthelikelyhood(calledsupport)thatthe association
occurs.

We usethis ideaof associatiorrulesto train our recom-
menderagentto build a model representinghe web page
accesdehaiour or associationbetweenon-line learning
actiities.

4.2 E-learning Recommender with Association
Rules

A recommendesystensuggestpossibleactionsor web
resourcesasedon its understandingf the users access.
To do sowe have to translatehe entriesin theweblog into
eitherknown actions(i.e. learningactiities suchasaccess-
ing acoursenotesmodule postingamessagen theforum,
doingatest,trying a simulation,etc.) or URLs of awebre-
source.This mappingis a significantprocessingphasethat
in itself presentsa considerablehallengg20, 19]. More-
over, theseidentified actionsand URLs are groupedinto
sessionsvhichis yetanothedifficult anddelicatetask[18].
Thesesessionarethenmodelednto transactiongssetsof
actionsand URLs. The associatiorrule mining technique
is appliedon suchtransactiongo discover associationbe-
tweenactions associationbetweerlJRLs andassociations
betweeractionsandURLSs, aswell asassociationbetween
sequencesf actionsand/orURLs. This processusually
leadsto a very large numberof associatiorrules even af-
ter filtering out thosethat do not satisfythe requiremenbf
minimum support[1]. We useother specificfiltering ap-
proachego eliminatesuchdiscoveredrulesthat associate
two URLs thataredirectly linked from eachother Indeed,
it is uselesso recommend pagethatis directlylinkedfrom
the currentpageasa shortcut. Moreover, we give higher
weightsto rulesthathave asaconsequenda URL or a setof
URLs thatarefrequentlytowardsthe endof a session.For
therulesthatassociatactionswe keeponly rulesthathave
asa consequenan actionthatterminatedsuccessfully For
instanceif theactionis takinganon-linetest,it is only use-
ful to recommendhatactionaftera sequencef actionsif
thattestwassuccessfulln otherwords,actionsarelabelled
wheneer possiblewith "successful’or "unsuccessful'us-
ing the users’profiles(i.e. gradebook).

When the recommenderagentis activated by a trig-
gering event, the associatiorrules are consultedto check



for matchesbetweenthe triggering event, or sequencef
events,with the rule antecedentsWhena matchis found,
the consequenof the rule is suggested.If more matches
arefound, the suggestiongareranked andonly a small set
(highestranked)is displayed.

5. Conclusion

A recommendesystemis a programthat seeswhat a
useris doing and tries to recommendcoursesof actionit
thinks would be beneficialto the user This is theideabe-
hind somesystemaisedn electroniccommercesitesto rec-
ommendoroductgo customershey mightwishto purchase
basedon their previous purchasinghistory as well asthe
purchasinghistory of thosewho boughtsimilar goods. To
date, this hasnt beenproposedfor on-line learning ervi-
ronmentsandno known e-learningsystemusessucha soft-
ware agentto enhancethe on-line learning experienceas
describedn this paper

We have proposedinapproacho build a softwareagent
that usesdatamining techniquessuchasassociatiorrules
mining in order to build a model that representon-line
user behaiours, and usesthis model to suggestactivi-
ties or shortcuts. Thesesuggestionganhelp learnershet-
ter navigate the on-line materialsby finding relevant re-
sourcedasterusingthe recommendedhortcutsand assist
the learnerchoosepertinentlearningactuities that should
improve their performancebasedon on-line behaiour of
successfulearners.

We are currently testing this recommendesystemap-
proachon an on-line courseand will evaluatethe recom-
mendationsusing questionnairesas well as a log that is
keepingtrack of selectedrecommendation®y the users.
The approachis alsotestedon an on-line systemusedby
novice healthcareprovidersat the university hospitalat the
University of Alberta and will be evaluatedbasedon the
time-saiing recordedfor userswho follow the suggested
shortcutsin comparisorwith thosethatignorethe recom-
mendations.
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