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ABSTRACT

The application of ubiquitous technologies in the improvement of education strategies is called
ubiquitous learning. This strategy amplifies the pedagogical potential of e-learning through a
ubiquitousandcontextualizedperspective.Ontheotherhand,aubiquitoustechnologicalmediation
inlearningcanalsoincreasetheisolationoflearnersandreducetheintegrationamongcolleagues.
Strategiestoencouragethegrouplearningcanminimizethesepossiblesideeffects.Inthissense,
thisarticleproposesUbiGroup,anagent-basedmodelforubiquitousrecommendationofeducational
contents for groups of learners. UbiGroup aims to help teachers to search, select and distribute
educationalmaterialsforgroups.Themodelconsidersthegroupprofileandthecontextwherelearners
are.Therecommendationfordynamicgroupsoflearnersthroughaconsensusprofileisthemain
scientificcontributionofthisresearch.Themodelwasevaluatedthroughsimulatedscenarios.The
resultswereencouragingandshowpotentialforimplementingUbiGroupinreallearningenvironments.
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INTRodUCTIoN

Theever-increasinguseofportabledevices,suchassmartphonesandtabletPCs,hasstimulatedthe
adoptionofmobilecomputingindifferentapplicationareas.Theuserwhocarriesportabledevices
canexplorewirelesscommunicationtechnologiestoaccessresourcesinanywhereandanytime.In
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addition,thewidespreaduseoflocationsystems(Hightower,LaMarca,&Smith,2006),suchasthe
GPS,hasallowedacontextualizedaccesstoinformation(Dey,2001).Inthisscenario,theubiquitous
computing initially introducedbyWeiser (1991)andSatyanarayanan (2001) isbecoming reality
(Barbosaetal.,2015).Theubiquitouscomputingisacomputationalmodelthataimstopro-actively
servetheneedsofusers,actinginaninvisibleway.Thegoalistoprovideacontinuousintegration
betweentechnologyandtheenvironment,helpingusersintheirdailytasks.

Theapplicationofmobileandubiquitouscomputingintheimprovementoflearningstrategies
has created two research fronts calledmobile learningandubiquitous learning.Mobile learning
(m-learning)(Saccoletal.,2011;Tatar,2003;Kleinetal.,2018)isfundamentallyaboutincreasing
learners’ capability to carry theirown learningenvironment alongwith them.M-learning is the
naturalevolutionofe-learning.Themobilecomputinghasthepotentialtomakelearningevenmore
accessible.Inm-learningmodel,mobilecomputersarestillnotembeddedinthelearners’surrounding
environment,andastheycannotseamlesslyobtaininformationaboutcontexts(Dey,2001).

Ontheotherhand,ubiquitouslearning(Barbosaetal.,2011;Wagneretal.,2014;Rosaetal.,
2015;Abechetal.,2016;Pimmer,Mateescu,&Gröhbiel,2016;Guabassietal.,2018) refers to
learning supported by the use of mobile and wireless communication technologies, sensors and
location/trackingmechanisms(Barbosaetal.,2018),whichworktogethertointegratelearnerswith
theirenvironments.Inaddition,ubiquitouslearningsystemscaninvolvethecollaborativedevelopment
oflearningcontentsandlearningprocesses,aswellas,theuseofsocialmediaforinformallearning,
communicationandencouragementofparticipation(Marinagi,Skourlas,&Belsis,2013).

Ubiquitous learningsystemsconnectvirtualand realobjects,peopleandevents, inorder to
supportacontinuous,contextualandmeaningfullearning.Whilethelearnerismovingwithmobile
device, the system dynamically supports learning process by communicating with embedded
computersintheenvironment.TheessenceofUbiquitousLearningistorealizewhichinformation
canbepresentedthroughoutthelearners’dailytasks,indifferentformsandplaces,andtolinkthis
datawiththelearners’educationalprocess.TechnologiesthatsupportUbiquitousLearningshould
providetheseaspectsthroughmechanismsthatallowknowinglearners’profiles,contextsinvolving
them,andhowlearnersrelatetocontexts.

Nowadays there are works about recommendation of educational material, which are
becoming increasingly important due to the dissemination of ubiquitous learning. The web
alreadyprovidesahugequantityofmaterials thatcanbeusefulforeducationalpurposes. In
thisscenario,teachersnotonlyneedtoexaminewhetherthisvastquantityofmaterialsavailable
fallsinlinewiththesyllabusbut,ideally,alsocheckiftheycomplytothelearningprofilesof
students(Akbulut&Cardak,2012;Felder&Silverman,1988;Peterson,Rayner,&Armstrong
2009)andtotheteachingcontextwherethelearningisoccurring(Barbosaetal.,2011;Rosaet
al.,2015;Abechetal.,2016,Guabassietat.,2018).

However,themanagementofstudentdigitalprofilesandubiquitouspedagogicalcontextscould
makethealreadycomplextasksofplanningtheeducationalactivitiesandtheorganizationoflessons,
evenmoredifficulttotheteachers.Theyalreadydevoteconsiderabletimetoaccomplishthesetasks,
seekingappropriatelearningmaterialsfortheteachingplan.Inaddition,duetothewiderangeof
availabledigitalcontent,theteachermayrequiresignificantefforttofindappropriateeducational
materials.Thisproblembecomesmorecomplexwhenoneconsidersnotonlyindividualaspectsofa
profile,butcollaborativeaspectsinlearninggroups.Thismotivatesthedevelopmentofcomputational
toolstohelpteachers(andstudents)toexplorethepotentialofUbiquitousLearningand,mainlyto
supporttheselectionandrecommendationofcontentforgroups.

ThisworkassumesthateducationalcontentsarealreadycataloguedasLearningObjects(LO)
(IEEE-LTSC,2002;Wiley,2001).Ofcourse,withthisassumptionwearenotallowingthesearch
andselectionofanymaterialfromtheweb.However,thisisnotveryrestrictivebecausethesystems
needonlythemetadatatocatalogLOforrecommendationpurposes.Thereisacrescenttrendto
usemetadatastandardslikeDublinCore(Kunze&Baker,2007),IEEE-LOM(IEEE-LTSC,2002)
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andOBAA(Gluz&Vicari,2012)tocatalogueinformationaboutmaterialsavailableintheweb,
allowingmoreproductiveandeffectivesearches.OtherLOstandardizationissuesthatcouldbemore
restrictive,likepackagingoraccessibility,arenotofconcernofthiswork.

MakinganintegrateduseoftheinformationprovidedbyLOmetadata,theubiquitouslearning
couldbecome instrumental for the recommendationprocess,notonlybecause itallows theeasy
distributionofcustomizedmaterialsdirectlytothelearnersontimeandattheappropriateplace,but
becauseitallowstheprecisecontentdistributionbasedonthecontextinformation.

Withtheseconsiderationsasthebackground,weproposeUbiGroupasanagent-basedmodel
toprovideubiquitouscontentrecommendationforgroupsoflearners.Themaincontributionofthis
researchisthestrategytorecommendforgroups.UbiGroupusesthelearners’profilestodetermine
aconsensusgroupprofile,which isused to recommend learningobjects. Inaddition,UbiGroup
considersthedynamicityofgroupsandthecontextwherelearnersare.

Thisarticleisorganizedinfivesections.Thenextsectiondiscussesrelatedworkintheareaof
recommendationforgroups.ThirdsectiondescribestheUbiGroup.Thefourthpresentsascenarioused
toevaluatethemodel.Finally,inthelastsection,wedrawsomeconclusionsandplansforfuturework.

RELATEd STUdIES

Weconsideredasrelatedworksonlymodelsthatcontainmechanismstorecommendcontentfor
groupsofusers.Thesearchwasnotrestrictedtoworksthatrecommendlearningcontentbecausefew
articleswerefoundwiththisfocus.Table1presentsacomparisonamongrelatedworksconsidering
fiveaspectsconsideredstrategicinthisresearch.

Borattoetal.(2010)proposedamodelforautomaticidentificationofusergroups.Thework
createdtheImprovedGRArecommendationalgorithmforgroupsusingthetechniqueofcollaborative
filtering.Forgroupidentification,themodelusesindividualrecommendations,combinedwithusers’
preferences and uses them as input to the clustering algorithm. The recommendation algorithm
generatespredictionsfromtheclassificationmatrixusedtoidentifythegroupsand,then,addsthe
predictionsoftheitemsnotratedbyusers.

Kimetal.(2010)proposedarecommendationprocedureforgroupsinon-linecommunities,
whichiscalledGRec_OC.Theprocedureworksbyinitiallygeneratingasetofrecommendationsfor
thegroupusingthemethodofcollaborativefiltering.Soonafter,thesimilaritybetweentheprofiles
ofthegroupiscalculatedandthedeterminationofneighboringgroupswithgreatestsimilarityis
made.Foreachneighborgroupasetofrecommendationsbasedonitemsmostfrequentlypurchased
isselected.Thefinalstepconsistsofafilteringmethodtoreducethedissatisfactionofindividual
groupmembers.

ChristensenandSchiaffino (2011)described thedevelopmentof two recommender systems
forgroupsofpeople:jMusicGroupRecommenderandjMoviesGroupRecommender.Thesesystems
recommend, respectively, music and movies. They were developed based on the framework
GroupRecommendation.Thisworkproposestwoapproachesforgeneratingrecommendationsfor
groups:mergingtheindividualrecommendationsmadebyaggregatingtheindividualratingsofeach
itemevaluatedanddevelopingamodelofgrouppreferences.

WebberandLima(2012)consideredthatgroupworkisanimportantresourceforteachersto
promotecollaborativelearning.So,theyempiricallystudiedoneofthemostimportantissuesofthis
researchfield,namely,ifautomaticmechanismsforgroupformationscanactuallybeabletoform
consistentandsuccessfulgroupsforeducationpurposes.Theexperimentpresentedinthearticle
showsthatautomatictechniquescanproduceresultsconsistentwithregardtotheformationofgroups.

KardanandEbrahimi(2013)proposedahybridrecommendersystem.Thesimilarityofusersis
identifiedbasedonimplicitinformationabouttheirinteractionsandwebnavigation.After,association
rulesareusedtoimprovethecollaborativefilteringprocess.Thecontent-basedfilteringprocessuses
semantictechniquestoidentifyrelevantpostsandautomaticallyinferstheformationofgroups,uses
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rulestoselecttherecommendedcollaborativematerial,andappliessemantictechniquestofilterthe
returnedcontent.

Zapata et al. (2015) proposed a collaborative methodology focused on learners’ groups for
searching,selectingandratinglearningobjects.ThismethodologyisanextensionofDELPHOS
whichisaframeworktoassistusersintheindividualpersonalizedsearchforlearningobjectsin
repositories.Togroupsupport,theauthorsincludedthecreationandmanagementofgroupsofusers,
therealizationofcollaborativeactivities,andtherecommendationofthemostinterestinglearning
objectstothesegroups.Ameta-learningapproachisalsoproposedinordertohelpthemediatorofa
grouptoselectthebestratingaggregationmethoddependingontheratingofprevioussimilargroups.

Borattoetal.(2010)andKimetal.(2010)proposedsimilartechniquestocreategroupsandto
contentrecommendation.Theproposedsystemsdonotfocusonlearningrecommendation,aswell
astheydonotuseubiquitousinformationtorecommendcontent.

TheworksofWebberandLima(2012),KardanandEbrahimi(2013)andZapataetal.(2015)
aretheworksmostsimilartoUbiGroup.Theyautomaticallyinfertheformationofgroupsanduse
associationrulestoimprovethecollaborativefilteringprocess.Inaddition,theseproposalsapply
semantictechniquestoidentifyrelevantcontent.

UbiGroupalsoautomaticallyinferstheformationofgroups,usesrulestoselecttherecommended
collaborativematerial,andappliessemantictechniquestofilterthereturnedcontent.However,there
are twomaindifferences,whichare thecontributionsofUbiGroup.First, the techniquesusedto
dynamicallyformgroupsandselectmaterialsaregeneralizedtoworkwithubiquitousinformationof
learners.Theseconddifferencerelatestothesemanticapproachtofilterresults.Unlikethedictionary
techniquesusedbyKardanandEbrahimi(2013),andtheframeworkelementsexploredbyZapataet
al.(2015),UbiGroupusesafullontologicalapproachtohandlethesemanticsofthefilteredcontents
(learningobjects).UbiGroupfocusesonlearningsuchasWebberandLima(2012)andZapataet
al.(2015).Inaddition,UbiGroupandZapataetal.(2015)usemultiagentsystems,butZapataetal.
(2015)doesnotconsiderubiquitousinformationforreasoning.

UbiGroupwasdesignedtoworkbasedoncontextsandportabledevices.Themodelusescontext
informationtodynamicallycreategroupsoflearners,andthenusethisinformationtoselectappropriate
educationalmaterial.UbiGroupisdedicatedtosupporteducationalenvironmentsusingontologyto

Table 1. Related works comparison

Aspects/Works Boratto et 
al. (2010)

Kim et 
al (2010)

Christensen and 
Schiaffino (2011)

Webber and 
Lima (2012)

Kardan and 
Ebrahimi 

(2013)

Zapata et 
al. (2015)

1.Itusesamultiagent
system No No No No No Yes

2.Itfocusonlearning No No No Yes No Yes

3.Itautomaticallyinfers
theformationofgroups No No No No No Yes

4.Itusesrulestoselect
therecommended
content

Yes Yes Yes Yes Yes Yes

5.Itappliessemantic
techniquestofilterthe
content

No No Yes Yes Yes Yes
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recommendationsupport.Allinformationmanagementfocusesonlearningsupport,includingthe
profiles,contextsandlearningobjects.

THE ARCHITECTURE oF UBIGRoUP

Figure 1 shows the architecture of the proposed model. UbiGroup is a multiagent system
(Wooldridge,2009)composedbyfivepedagogicalagents(Giraffa&Vicari,1998;Vicarietal.,
2008).Theseagentsworkautonomouslyandcooperativelyinadistributedenvironmentformed
bymobiledevicesandcomputerservers.Theoverallarchitectureandallofitsindividualagents
weredesignedusingsoftwareengineeringmethodsfocusedondevelopingpedagogicalagentsfor
tutoringsystems(Vicari&Gluz,2007).

ThePedagogicalSupportagent(PS)obtainsinformationfromlearnersandinformsthemabout
new recommendations.TheProfileManagement agent (PM)keeps learner profiles updated and
generatesthesimilaritydegreebetweentheseprofiles.TheContextManagementagent(CM)manages
thecontextsintheubiquitousenvironment.TheRecommenderagent(RE)maintainsthebaseof
recommendationrules.Finally, theCommunicatoragent(CO)performscommunicationwiththe
repositoryofLO.Besidestherequirementsofubiquitouscomputingandrecommendationsystems,
thereareotherimportantrequirementsthatimpactedonthedesignofthemodel:a)groupsoflearners
canbeformeddynamically,namely,theycanbecreatedanddissolvedatanytime;b)information
aboutlearningmaterialsarerepresentedintheformofLOmetadata;c)informationaboutlearner
profilesandcontextsarealsoprovidedintheformofmetadata.

Figure 1. Agent-based architecture of UbiGroup model
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Allmetadataaboutlearnerprofiles,teachingcontextsandlearningmaterialswererepresentedin
ontologiesspecifiedinOWLlanguage(W3C,2012).Inthissense,UbiGroupfollowedtheprinciples
stablishedinpreviousworks(Gluz&Vicari,2012;Gluz,Vicari&Passerino,2012).OWLdata
properties (W3C, 2012) were used to represent these metadata, allowing us to use a previously
developedOWL/RDFsemanticbase.ThisbasecanbeusedtosolveSPARQL(W3C,2013)queries
overinferredontologies(Gluz&Silva,2014)tostore,locateandretrievethemetadatanecessary
for the recommendation process. The specific operational knowledge about how to identify and
recommendmaterialswasrepresentedintheformofrecommendationrules,whichareanalogousto
theproductionrulesusedinexpertsystems(Russel&Norvig,2010).InUbiGroup,theserulesmap
profiles,contextsandLOmetadatainformationtorecommendationfilters.Thefollowingsubsections
detailtheUbiGrouparchitecture.

Pedagogical Support (PS) Agent
ThePSagentistheinterfaceofUbiGroupwithlearners,beingtheonlyagentthatrunsonthemobile
device.Whileisexecuting,thisagentsendstheupdatedinformationofprofilestoPMagentand
sendstheupdatedlocationtoCMagent.ThePSalsocallsthePMagentforthevalidationofthe
learner’saccesscredentials.

ThemainroleofthePSagentistomonitorthemovementsofthelearnerandsendthisinformation
totheCMagent.IftheCMidentifiesthatthelearnerisinalearningcontext,itinformsthePMagent,
whichinturn,notifiesthelearnerthatheorshehasenteredaparticularcontext.

During the recommendationprocess, the responsibilityof thePS is tonotify learnersabout
recommendationsforthem.Theagentalsopresentstherecommendedmaterialstolearners.After
viewing a material, the learner is asked to rate the recommendation indicating whether it was
satisfactoryornot.

Profile Management (PM) Agent
ThePMagentkeepsupdatedtheprofilesoflearners.ThisagentalsoworkswiththeCMagentto
monitortheaccessoflearnerstocontexts.ThePMretrievesthecredentialsfromthelearnerprofile
andsendsthesecredentialstotheCM,whichinturnkeepstrackofwhichcontextthelearneris.

ThelearnerprofileisrepresentedbyanontologicalmodelspecifiedinOWL(W3C,2012).The
classesandpropertiesofthisontologyweredefinedbasedonthePAPIstandardforlearnermetadata
(PAPI,2002)(seeFigure2).

Profileinformationhassixcategories:contact,portfolio,grade,relation,preferenceandsecurity.
Personalinformationaboutthelearnerwascollectedincontactcategory.Theportfoliocategorygroups
informationabout theworksproducedby the learner.The relationcategorycollects information
abouttherelationshipswithotherlearners.Thegradecategorycontainsthegradeevaluationsofthe
learner.Preferencecategorygroupsthepreferencesofthelearnerandsecuritycategoryindicates
theaccesscredentials.

Theprofilemetadatawere representedbyOWLdatapropertiesdirectlyassociatedwith the
individual(instance)representingtheprofileofalearnerintheontology.Thus,assumingthatp1
representstheprofileoflearnerA,theidentificationandnameofthelearnerwouldberepresented
bythefollowingRDFtriples:

p1 learnerIDIs“1”
p1 nameIs“StudentA”

ThePMagentalsocalculatesthesimilaritydegreebetweenprofilesoflearners.Theestimation
of thesimilarity isbasedonvaluesofPreference,GradeandPortfolioproperties(seeFigure2).
Beforecalculatingthesimilaritybetweentwoprofiles,allpreference,gradeandportfolioproperties
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thatcoincideinbothprofiles(learnershavethesameproperty,butnotnecessarilythesamevaluefor
theproperty)areselectedtoformasetofnitemvalues,whichisusedinthecomparison.Equation
1showshowthedegreeofsimilarityiscalculatedbasedonthissetofvalues:

S SP SP
SP itemValue SPA itemValue

n
i
n

i i

1 2

1 1 2,
, , ,

( ) = ( )=∑  (1)

Thesimilarity(S)betweentheprofilesoftwolearners(SP1,SP2)isequaltothesumofthe
ValueofEquivalence(VE)foreachpreference,gradeandportfolioitemstoredonprofilesofboth
learners,dividedbythetotalnumberofitemsevaluated(n).TheindividualVEbetweeneachtwo
itemsisestimatedbytheeditDistancealgorithm(Levenshtein,1966).Thisalgorithmcomparestwo
stringsanddeterminestheeditingdistance,whichistheminimumnumberofoperationsneededto
transformonestringintoanother.Withthisdistanceispossibletocalculatethesimilaritydegree,
dividingthenumberofoperations(obtainedbythealgorithm)bythemaximumnumberofpossible
operations.NotethattousetheeditDistancealgorithm,weneededtosettherangeofallOWLdata
propertiesusedinthelearnerprofileontologytothestringdata-type.

Context Management (CM) Agent
TheCMagentmaintainsthebaseofcontextsusedforteachingpurposesandinformstheREagent
aboutchangesregardingtheentryorexitof learnersinsomecontextregisteredinthebase.The
contextinformationusedbyCMisrepresentedinanOWLontology.Theclassesandpropertiesof
thisontologywerebasedonthedefinitionsproposedbyDey(2001).Figure3showsthemainclasses
anddatapropertiesofthecontextontology.

Figure 2. High-level classes and properties of learner profile ontology
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Thecontextinformationisorganizedinfourcategories:location,activity,temporalandgroup.
Locationcategorycollectsgeographicalinformationaboutthecontext.Theactivitycategorycollects
informationaboutactivitiesthatcanoccurinsomecontext.Temporalcategoryindicatesthetemporal
limitsforthecontext.Thegroupcategorycollectsinformationrelatedtotheformationofgroupsof
learnersinthecontext.Followingthesamestructureusedintheprofileontology(Figure2)andin
theLOmetadataontology,specificmetadatainformationaboutthecontextarerepresentedbydata
propertiesassociatedwiththeontologyindividual(instance),whichuniquelyidentifiesthecontext.

TheCMmaintainsallcontextsthatareactive,whicharethosehavingatleastonelearner.This,
however,doesnotimplythatthecontextisalreadyabletoreceivecontentrecommendations.Thiswill
occuronlywhenthisparticularcontextmeetstherequirementsintemporalandgroupcategories.It
istheCMagentthatchecksiftheserequirementsweresatisfied.Wheneveralearnerentersorleaves
acontext,theCMinformstheREagentaboutthismovement,becausethisisoneofthetriggersto
starttherecommendationprocess.

Recommender (RE) Agent
TheREagentmanagestherecommendationprocess.Itkeepstherulestoselectnewrecommendations,
andperformsthestepsnecessarytoprepare,executeandforwardtherecommendationtolearners.

Arecommendationruleisformedbyasetofmappingsbetweenprofiles,learningcontextsand
LOmetadata.Fromthesemappings,itispossibletoextractproductionrulestogenerateasetof
filtersthatwillselectLOthroughmetadata.Themappingsontherecommendationrulecorrelate
informationcontainedintheprofile,orlearningcontext,withinformationappearinginLOmetadata.
All information that may appear in these rules is represented according with the corresponding
OWLontology.Learnerprofileandcontextinformationarerepresentedbyclassesandpropertiesof

Figure 3. High-level classes and properties of context ontology
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ontologiesshown,respectively,inFigure2,andFigure3.TheLOmetadatausedtheontologydefined
byGluzandVicari(2012),whichcoversallIEEE-LOMmetadata(IEEE-LTSC,2002).

Eachmappingisformedbythreeitems:thelearnerprofile/contextinformation,thecorresponding
LOmetadata,andthevaluethatshouldappearasthecontentofpreviousitems.Inallontologies
usedbyUbiGroup,theinformationisorganizedinthesameway:(a)theclass,whichdefinesthe
LOmetadatagroup,or thecategoryof learnerprofile/context information; (b) theOWLobject/
dataproperty,whichdefinestheLOmetadataorlearnerprofile/contextattribute.Table2showsan
exampleofamappingfromlearnerprofileinformationtoLOmetadata.Inthisexample,thetype
oftheprofileismappedtotheintendedtypeofenduseroftheLO.Preferentialcontentformatsand
digitaldevicesarealsomappedtospecifictechnicalLOmetadatathatcanbeusedtoselectmaterials
withthesecharacteristics.

Table3showsanexampleofmappingsfromcontextinformationtoLOmetadata.Thisexample
showshow tousekeywords about activities thatwill occur in the context, to select appropriate
educationalmaterials,lookinginthetitle,descriptionorkeywordintheLOmetadata.

Themappingsof recommendation rulesprovide the information that theRE agentneeds to
generatemetadatafiltersthatwillbeusedtoselectLOtoacontextandprofile.Thesefiltersare
senttotheCO agent,whichinturnwillselecttheLOcorrespondingtothefiltersinformedinthe
message.TherecommendationrulesusedbytheRE agentcanbemanagedthroughawebinterface
(seeFigure4,theinterfacesareinPortuguese).

Therecommendationprocessisinitiatedwhenacontextisreadytoreceivearecommendation.
Forthis,itisnecessarythatthetemporalandgroupconditionsforthiscontextarefullysatisfied.
Whenthisoccurs,theselectionofmaterialtoberecommendedstarts.Theprocessisconductedby
REagentinthreesteps:(1)identificationofthemostrepresentativeprofileforthegroup(consensus
profile),(2)theselectionofrecommendationsforthisprofile,and(3)classificationofselecteditems
basedonreviewsfromgroupmembers.

Table 2. Example of mappings between learner profile information and LO metadata

Learner Profile LO Metadata
Value

Class Property Class Property

Contact typeIs Educational intendedEndUserRoleIs “learner”

Preference contentFormatIs Technical formatIs “video”

Preference deviceTypeIs Technical supportedPlatformIs “mobile”

Table 3. Example of mappings between context information and LO metadata

Context Information LO Metadata
Value

Class Property Class Property

Activity keywordIs General TitleIs “java”or“programminglanguage”

Activity keywordIs General descriptionIn “java”or“programminglanguage”

Activity keywordIs General KeywordIs “java”or“programminglanguage”
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Thefirststepstartswiththeanalysisoftheprofilesofthelearnersinthecontext.Thisanalysis
identifieswhichisthemostrepresentativeprofileforthegroupusingthedegreeofsimilaritybetween
theprofiles(seeEquation(1)).ThisprofileisusedasthebasistoselecttheLO.Theprofilethathas
thehighestaveragesimilarityamongthegroupmemberswillbechosenastherepresentativeprofile.
To identify thisprofile, firstly theREagent requests thePMagent forcalculating thesimilarity
ofeachprofile in thecontextwithallotherprofiles in thesamecontext.Thisanalysisresults in
asimilaritymatrix(seeTable6inadvance,asanexample).Thereafter,theREsearchesprofiles
thathavesimilaritygreaterthan90%withallotherprofiles.Ifnoprofileisfound,theREfollows
successivelyreducingin10%thesimilaritythresholduntilbefoundatleastoneprofilethatmeets
toaminimumaveragevalue.

Thesecondstepbeginswithgeneratingrecommendationsfortherepresentativeprofile.Based
ontheprofile,contextandrecommendationrulescontainedinthecontext,theRE agentbuildsa
setofLOfilters,eachonespecifiedasarelationalandlogicalexpressionoverLOmetadata.Then,
thesefiltersaresenttotheCOagent.Thisagenttransformsthefiltersinappropriatequeriesforthe
LOrepositoriesregisteredinthesystemandreturnstotheRE,thelistsofLOthatsatisfythequeries.
Afterdeterminingtherecommendationstotherepresentativeprofile, theserecommendationsare
unifiedintoasinglelistwiththeLOtoberecommendedforlearners.

Inthefinalstep,theREagentclassifiesthelist,consideringtheassessmentsmadebythegroup
members.So,thebestevaluateditemswillbethefirsttoberecommendedtothegroup.TheRE
agentselectsandsendsthelearningsobjectstoPSagent.

Communicator (Co) Agent
TheCOagentimplementscommunicationwithLOrepositories.Thisagentreceivesarequestfrom
theREagent containinga setof search filters and transforms thisdata into aquerycompatible

Figure 4. Web interface to manage recommendation rules (in Portuguese)
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withtheLOrepositories.ThentheCOaccessestherepositoriestoobtaintheinformationofLO.
Communicationwiththerepositoriesoccursthroughawebservicesinterface.Finally,thelistofLO
returnedbytherepositoryisforwardedtotheREagent.

Currently, theCOagentworksonlywithsemanticrepositories(Gluz,Silva&Vicari,2014)
whichsupportSPARQLqueriesoverIEEE-LOM/OBAAmetadatarepresentedinOWLontologies
(Gluz&Vicari, 2012).Figure5 shows theSPARQLquerycorresponding to the rulemappings
showninTable2.

IMPLEMENTATIoN ASPECTS

UMLwasusedforspecifyingtheUbiGrouparchitecture.Thismodelinglanguagehasbeenconsidered
suitableforthespecificationoftheoverallarchitectureofmultiagentsystemsandtheirindividual
agents(Bauer&Odell,2005;Guedes&Vicari,2010).

Theprototypeimplementsabasicsetoffeaturesforeachagent,whichwereconsideredstrategic
toconducttheevaluation.ThePSagentwasdevelopedforAndroiddeviceswiththeAndroidSDK
support.Server-sideagents(PM,CM,REandCO)weredevelopedinJavawithsupportofTomcat
server for theweb interface,REST/Jerseyframeworkforwebservices interface, Jena libraryfor
handling OWL ontologies and SPARQL queries. The prototype used a semantic LO repository
thatiscapableofdealingwithSPARQLqueriestosearchLOmetadata.Themetadatainformation
retrievedisrepresentedinXML.

EVALUATIoN ASPECTS

The evaluation methodology was based on a strategy of validation by scenarios. This approach
wasusedinclassicalworkstoevaluatecontext-awaresystems(Dey,2001)andubiquitoussystems
(Satyanarayanan,2001).Mostrecently,thisstrategyhasbeenappliedtoevaluatetheuseofubiquitous
computinginvariousapplicationareassuchasHealth(Vianna&Barbosa,2014),Commerce(Barbosa
etal.,2016),Accessibility(Barbosaetal.,2018),CompetencesManagement(Rosaetal.,2015)and
Learning(Barbosaetal.,2011;Wagneretal.,2014).

Figure 5. An example of SPARQL query generated by CO agent
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SeveralscenarioswerecreatedtoevaluatetheUbiGroup.Inthisarticle,wediscussaspecific
scenariothatevaluatesthemostsignificantfeaturesofthemodel.Thescenarioassumesateacher
inanundergraduatecoursein“AlgorithmsandProgramming”.Hewouldlikethatstudentsinthe
classroomreceivedarecommendationofeducationalmaterialontheirsmartphonesduringtheclass,
invideoformat.ThecontextinformationregisteredaboutthisscenarioispresentedinTable4.

Table4definesthecontextAwhichwillbelocatedinclassroomAandwheretherewillbe
thecourseof“AlgorithmsandProgramming,”onMondayfrom19:30to22:00.Thisinformationis
previouslyregisteredinUbiGroupbytheteacherusingthewebinterfaceofCMagent.Anexample
ofthisinterfaceisshowninFigure6.

Nearthetimeofthebeginningofclass,studentsbegintoarriveandareidentifiedincontext.To
simplifytheunderstandingofthescenario,weconsideronlyprofilesoftheteacherandthreestudents.
Table5presentstheinformationcontainedintheprofiles.Profilesofstudentsaremaintainedbythe
webinterfaceofthePM agentasexemplifiedinFigure7.

TheCM agentchecksiftheminimumnumberoflearnerswassatisfiedateachtimeastudent
entersthecontext.Whentheminimumisreached,theRE agentreceivesthelearningcontextofthe
groupofstudents,selectstheirprofilesandidentifiesthemostrepresentativeprofileforthegroup
withtheassistanceofPM agent.Inthisscenario,studentAwasselectedastheconsensusprofile
(seeTable6).

Basedon the recommendation rulecontained incontext (seeTables2and3), theRE agent
definesthefilterparametersforLOmetadataandsendsthisinformationtotheCO agent.TheCO
receivesthesearchfilters,createsaSPARQLqueryandsendsthequerytotheLOrepository.TheCO 
agentreceivestheresultsandforwardsthemtotheREagent.Thisagentsendstherecommendation
ofcontenttothePS agent.Thisagentputsanotificationonthetopbarofthemobiledevice(see

Table 4. Example of context information

Context A

LocalizationProperties

NameIs “classroomA”

initGPSPosIs -29.792702,-51.152301

endGPSPosIs 0.00132,0.002642

ActivityProperties

TypeIs “Class”

activityNameIs “Alg.andProg.”

descriptionIs “Courseofalgorithmsandprogramming–Prog.
languageJava”

recommRuleIs ClassStandardRule

KeywordIs “ProgrammingLanguage”

keywordIs “Java”

TemporalProperties

dayOfWeekIs Monday

DateIs -

startTimeIs 19:30

endTimeIs 22:00

GroupProperties
groupTypeIs Mix

minLearnerNumberIs 3
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Figure.8.a).Whenstudentsselect“View”,therecommendedmaterialsareshown(seeFigure8.b).
AfterviewingtheLO,thestudentsareinvitedtoassesstherecommendation,indicatingwhetherthey
likedthematerial.ThesereviewsarestoredforusebytheRE agent.

CoNCLUSIoN

ThisarticleproposedUbiGroup,amodelforubiquitousrecommendationofeducationalcontentsfor
groupsoflearners.UbiGrouprecommendsmaterialsfordynamicallymanagedgroupswhichshare
acontext.Furthermore,themodelallowsteacherstocreatetheirrecommendationrulesgivingthem
freedomtoalignthesearchformaterialstotheteachingplan.Throughtheuseofrecommendation
rules,itispossibletomodelthedegreeofrefinementmostappropriateforthepedagogicalplanbeing
implementedbytheteacher.

Theimplementationofaprototypeallowedtheevaluationofthemodelbymeansofascenario
inacontrolledenvironment.TheresultsindicatethatUbiGroupcanrecommendLOconsideringthe
contextinformationandthemostrepresentativeprofileofthegroup.Thisisthecaseinthescenario
presentedinthearticle.ThescenarioalsoshowedthatthetechnologyusedbyUbiGroupworksand
isreadyforuseinlearningenvironments,exceptforafewdetailsabouttheuserinterface,which
willbediscussedbelow.

The main contribution of UbiGroup is the recommendation for learner groups based on a
consensusprofile.Furthermore,themodeldetectstheformationofdynamicgroupsandusescontext
informationtoguidetherecommendation.Intechnologicalterms,themaindifferentialofUbiGroup
istheuseofsemanticsinallphasesoftherecommendationprocess,includingthedetectionofgroups,
handlingofprofilesandselectionofLOcontents.Thesemanticstreatmentisdonebycombining
ontologies,metadataandagents’technologies.

Figure 6. Web interface of CM agent



International Journal of Information and Communication Technology Education
Volume 16 • Issue 4 • October-December 2020

14

Figure 7. Web interface for the management of students’ profiles

Table 5. Profiles used in the scenario

Learning Profiles

Contact
Properties

learnerIDIs 1 2 3 4

nameIs “StudentA” “StudentB” “StudentC” “TeacherD”

typeIs “student” “student” “student” “student”

Portfolio
Properties

portfolioTypeIs “paper” “short-paper” - “paper”

titleIs
“Amultiagent
modelforcontent
recommendation”

“Recommendationof
educationalcontents
forgroups”

-
“Amultiagent
modelforcontent
recommendation”

descriptionIs - - - -

eventIs “SBYY” “ERYY” - “SBYY”

localIs “CityA” “CityB” - “CityA”

yearIs 2012 2012 - 2012

Grade
Properties

gradeTypeIs “discipline” “discipline” “discipline” -

gradeNameIs “Alg.andProg.I” “Alg.andProg.I” “AlgandProg.I” -

descriptiveIs - - - -

institutionIs “Inst.A” “Inst.A” “Inst.A” -

evaluationIs 7 8 8.3 -

refDateIs 2012-1 2012-1 2012-2 -

Preference
Properties

contentTypeIs “video” “video”,“audio” “video” “video”

deviceTypeIs “mobile” “mobile” “notebook” “mobile”

visualIs “visual” “visual” “visual” -

prefContextIs “classroomA” “classroomA” “classroomA” “classroomA”
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Currently,themainlimitingfactorofUbiGroupistheinterfaceusedbytheteacher.Thisinterface
requiresextensiveandtediousspecificationofcontextsandrecommendationrulesfortheteaching
planusedinthecourse.Futureresearchwillfocusontheautomationoftheseactivities,basedon
ontologicalknowledgeof the curriculum, learningdomains, pedagogical strategies and teaching
methods.Thisinformationcanbecombinedwiththephysical(geographical)andsocialinformation
abouttheinstitutions.Wehopethatwiththeuseofthesetechnologies,itwillbepossibletocreate
asimpleanduseful interfacefor the teacher,automating themainactivitiesof thegenerationof
contexts and recommendation rules. In this sense, UbiGroup does not address the relationship
between individual lessons.Teachersdonothave thepossibility tocreatedependenciesbetween
lessonsorcombinationstoorganizelessonssharing.Webelievethisisarelevantfeaturethatcanbe
addedtoUbiGroup,perhapsbyincludinglearningsobjetcschainsandobjectsgrouprecomendations
followingthechain.

Table 6. Similarity of the profiles contained in the context

Student A Student B Student C Teacher D

StudentA - 67% 47% 53%

StudentB 67% - 43% 27%

StudentC 47% 47% - 7%

TeacherD 53% 27% 7% -

Avg. 56% 47% 32% 29%

Figure 8. Example of the mobile user interface
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Inaddition,althoughthemainfocusofUbiGroupisineducationalcontexts,thisisnotalimiting
factorofthismodel,becausethetechnologiesemployed(ontologies,agentsandmetadata)canbe
appliedtootherdomainsrelatedtoinformationmanagement.Infutureresearch,weintendtointegrate
UbiGroup with systems dedicated to competence management (Rosa et al., 2015), u-commerce
(Barbosa et al., 2016), u-health (Pittoli et al., 2018) and u-accessibility (Barbosa et al., 2018).
Currently,UbiGroupdoesnotaddressdatasecurityaspects,mainlynotreatmentisdonetoseparate
publicdata(lessons)andprivatedata(students´personalinformation).Inthisregard,futureefforts
willbedirectedtoincludesecuritystandardsinthesystem.Thisfeaturewillimprovetheeducational
applicationandallowbetterinfrastructuretootherapplications.
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