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Abstract. Wediscussissuesthatarisewhenapplyingtechniquesfor thelearning
of Bayesiannetworks in the usermodelingcontext. We addressthe problemof
sparsedatathat is oftenpresentin usermodelingandshow how we try to cope
with it by introducingavailablea-priori knowledgeinto thelearningprocedures.
Particularly, we presentinitial resultsconcerningthe learningof the structural
partof a Bayesiannetwork usermodel.

1 Intr oduction and Background

In this paper, we discussissuesthat appearto be especiallyimportantwhenapplying
techniquesfor the learningof Bayesiannetworks(BNs) in theusermodelingcontext.
Someof theseissuesalsoarisewhenothermachinelearningmethodsareappliedto
usermodeling.For concreteness,we useasanexampletheprocedureof learninga BN
that relatesfeaturesof speechto mentalstatesof the user(e.g.,his working memory
load).In Müller, Großmann-Hutter, Jameson,Rummer, andWittig (2001)asimilarBN
is used.Thepresentpapercanbeviewedasa descriptionof stepsin thedevelopment
of a methodologyfor deriving suchBNs in anempiricalbasedmanner– with focuson
thestructurallearningpart.

Beforepresentingspecificresults,we will discussmoregenerallysomeaspectsof
applyingmachinelearningmethodsin theusermodelingcontext. Beyondothers,in our
researchefforts on learningusermodelswe have identifiedandaddressthe following
problems:

– Howcanwelearnaccurateusermodelswhendatais sparse?Often,thereareonly
a few interactionsbetweena userandtheuser-adaptive system.Sometimesa user
interactsonly asingletimewith, e.g.,anadaptivehelpsystemto recommendthings
he might want to buy. A moregeneralproblemoccursin every adaptive system:
How shouldthe systeminteractwith a new user?In somedomainsthis problem
canbereducedby usingdatafrom morethanjust a singleuserto learna general
usermodelby, e.g.,collaborativefiltering methodsthatcoulduseall dataavailable
from all userssofar to makeusefulrecommendationsfor new users.�
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– How can we deal with potentially large differencesbetweenindividual users? A
user-adaptivesystemis typically designedto optimally adaptto anindividualuser.
If largedatasetsconsistingof many users’datacanbeusedto build theusermodel,
how canwetake into accountlargeindividualdifferencesregardingtheir behavior,
intentions,preferencesetc.?

– How canweensure that the learnedusermodelsremaininterpretable?Thereare
mainly two reasonswhy usermodelsshouldbe interpretable:(a) an interpretable
modelmakestheknowledgeengineeringtaskof building themodelfar moreeas-
ier. The system’s designeror her domainexpertscan inspectthe learnedmodel
and localizepotentialweaknesses.It is thenpossibleto modify the model in an
improve-and-testcycle until thequality demandsaremet.And, (b) theacceptance
of a user-adaptivesystemincreasesif it canexplain theway it derivesits resultsin
a comprehensiblemannerto its users.

– Howcanwepreventlearnedmodelsfromoverfittingthedata?Thisis awell-known
problemin many machinelearningsettings.It is equallyimportantin theusermod-
eling context. Herewe have to avoid a specializationof theinducedmodelto spe-
cific aspectsof the users’behavior or – when learningfor usersin general– to
particularusers.Often it is not possibleto acquiredataon a sufficient numberof
usersto coverall relevantusercommunities– partsof theuserpopulationthatshare
many commonaspectsrelevant for themodel– andthusthesystemmayperform
worseif it encountersa userthatdoesnot belongto any usergroupthathasbeen
coveredby thelearningdata.

Ourgeneralapproachis basedontheassumptionthattheexploitationof availablea-
priori knowledgecanprovide significantcontributionsto solutionsfor theseproblems.
Usually, thereis muchprior knowledgeavailablein theusermodelingcontext, beit part
of commonknowledgeor derivedfrom psychologicalstudies.We developedmethods
to integratethis kind of informationinto existing learningalgorithms.In all efforts we
emphasizetheneedof keepingtheusermodelsinterpretable.

Thepaperis structuredasfollows: In Section2 we describeour exampledomain,
in Section3 we briefly review Bayesiannetworksandhow to learnthemfollowedby
a discussionof how to exploit and integrateavailable a-priori knowledgeinto these
learningprocedures.Section5 describesand discussesthe resultsof an explorative
studyon learningBN structuresfor usermodeling.The paperis concludedby some
remarkson thework presentedhere.

2 Example Domain

We now briefly introduceoneof thepsychologicalexperiments1 thatwe performedto
acquiredatafor thetypeof analysispresentedhere.For amoredetaileddescriptionand
discussionof thetraditionalpsychologicalanalysisandresults,wereferto Müller etal.
(2001).

1 Theexperimentwasdesigned,implemented,performedandanalyzedwith contributionsby (in
alphabeticalorder)Sylvia Bach,BarbaraGroßmann-Hutter, Anthony Jameson,Tore Knabe,
ChristianMüller andRalf Rummer.



Theexperimentalenvironmentsimulatedon a computerworkstationa situationin
which a useris navigating througha crowdedairport terminalwhile askingquestions
to a mobileassistancesystemvia speech.In eachtrial, a pictureappearedin a corner
of thescreen,andthesubjectwasto introduceandaska questionrelatedto thepicture
(e.g.,“I’m gettingthirsty. Will it bepossibleto getabeeron theplane?”).

Two independentvariablesweremanipulatedorthogonally:

– TIME PRESSURE?(2)2: Whetherthesubjectwasinstructed(a) to finish eachutter-
anceasquickly aspossibleor (b) to createanespeciallyclearandcomprehensible
utterance,without regardto time.

– SECONDARY TASK?(2): Whetheror not the subjectwas requiredto “navigate”
throughthe terminal depictedon the screenby pressingarrow keys in order to
movethecursoron thescreen,avoidingobstaclesin theprocess.

Additionly, we had a third independentvariablethat we did not manipulateex-
plicitely duringtheexperiment,thevariablePICTURE DIFFICULTY(2) thatcategorized
thepresentedpicturesaccordingto their “complexity” to producearelatedquestion.Its
valuesweredeterminedon thebasisof judgmentsof four experts.

In eachof the 4 (2 � 2) conditions,eachof the subjectsproduced20 utterances.
Therearetherefore80 “observations”of eachsubject.

The subjects’speechinput was later semi-automaticallycodedwith respectto a
wide rangeof features,includingpauses,length,quality of content,andvarioustypes
of disfluency. For the presentstudyof learningmethods,we selecteda representative
subsetof six speech-relatedvariables,which wecall symptoms:

– QUALITY SYMPTOM?(2): This binaryvariablehasthevalue“true” whenany one
of four typesof disfluency waspresentin anutterance.

– NUMBER OF SYLLABLES(3): Thenumberof syllablesin theutterance.
– SILENT PAUSES?(2): Thisbinaryvariablerepresentsthepresence/absenceof silent

pausesin theutterance.
– FILLED PAUSES?(2): Thecorrespondingvariablefor filled pauses(e.g.,“Uhh”)
– ARTICULATION RATE(3):Thenumberof syllablesarticulatedpersecondof speak-

ing time,not includingsilentpauses.
– CONTENT QUALITY(4): The averagequality rank – between1 (worst) and 32

(best)– assignedto theutteranceby four raters.

Onthewhole,thetraditionalanalysisof thedatafrom thisexperimentrevealsmany
statisticallysignificanteffects(seeMüller et al., 2001)of theindependentvariableson
featuresof speechinput. Someof theseeffects,however, arerathersubtleandcom-
plex (i.e., involving statisticalinteractions)sothatit is not a trivial taskto constructan
adequateusermodel.

Thepracticalrelevanceof this experimentlies mainly in theprospectthata mobile
assistancesystemcould interpret the featuresof a user’s speechto make inferences
abouthiscurrentpsychologicalstate.In addition,therearesituationsin which it canbe
usefulfor thesystemto beableto predictparticularfeaturesof the user’s speechin a

2 Thenumbersin parenthesesbehindthevariablesrepresentthenumberof thevariables’states
afterdiscretizationfor theirusagein theBN presentedin thenext section.



givensituation– for example,soasto determinewhetherto requestinputvia speechor
via anothermodality.

3 Learning BayesianNetworks

In this section,webriefly review existingBN learningalgorithmsthatweusedasstart-
ing pointsfor our researchon learningBNs for usermodeling.

A Bayesiannetworkrepresentsa joint probabilitydistributionoverdiscreterandom
variables.It consistsof (a)a directedacyclic graph(DAG) thatrepresentsprobabilistic
independencerelationsbetweenthesevariablesand(b) conditionalprobability tables
(CPTs)associatedwith eachvariablethatencodethe conditionalprobability distribu-
tion of a variable’svaluesconditionedon its parents’values.

In additionto its ability to make inferencesin domainsunderuncertainty, anaspect
of the BN framework that makesBNs quite appealingfor usermodelingis that the
links in theDAG arecommonlyinterpretedascausalinfluencesbetweentheassociated
variables.Therefore,BNs area tool that enableus to build quite easily interpretable
usermodels.In principle,evenuserswithoutscientificbackgroundcanunderstandhow
variablesinfluenceothersin thenetwork throughthecausalinterpretationof thelinks3.

Actual WM Load Rel. Speed of Spe

Picture Difficulty

CQ Base Rate

Filled Pauses?

FP Base Rate

Content Quality Silent Pauses?Number of Syllable Quality Symptom? Articulation Rate

SP Base RateSyl Base Rate QS Base Rate AR Base Rate

Secondary Task?Time Pressure?

d:\docs\ml4um01\startbn.hkb

Montag, 23. April 2001

Fig.1. Bayesiannetwork for theexperimentof Section2

Figure1 shows a BN that representsa usermodelfor theexperimentdescribedin
Section2.Onthetoprow therearetheindependentvariablesthathavecausalinfluences
on the two variablesACTUAL WORKING MEMORY LOAD(3) andRELATIVE SPEED

OF SPEECH GENERATION(3). The link betweenthesetwo variablesis basedon the
assumptionthatareductionregardingthespeedof speechgenerationreducestheuser’s
actualworking memoryload.Eachsymptomvariableis relatedto oneof thetwo inner
variablesandabaseratevariable4 thatrepresentsauser’sgeneraltendency with regard

3 This statementappliesaslong asthenetworksdo not becomeoverly complex. Thenevenex-
perienceddevelopersof BN technologymayloseinsightin how differentpartsof thenetworks
influenceothers.

4 All baseratevariablesarebinaryvariablesmodelingthestates’high’ and’ low’, respectively.



to thevalueof this particularvariable,e.g.if heis a personwho normallyspeaksquite
fast,yieldingahighaveragevaluefor thevariableARTICULATION RATE, thenthis fact
is modeledby ahigh valueof thecorrespondingbaseratevariableAR BASE RATE.

To learna BN we have to considertwo particularlearningtasksthatinfluenceeach
other:(a) learningthe valuesof theCPTsand(b) learningthe structure(theDAG) of
theBN.

AssumingagivenBN structure,theproblemof learningaBN is reducedto thetask
of learningtheconditionalprobabilitiesin theCPTs.If thereareno missingdatathen
learningcanbe donein a straightforwardmanneron the basisof relative frequencies
whichyieldmaximumlikelihoodestimatesof theCPTentries(see,e.g.,Buntine,1996).
In thecaseof missingvaluesor, evenworse,hiddenvariables– variableswhosevalues
are never observed in the data– more sophisticatedlearningtechniqueshave to be
applied.The two most frequentlyusedare the gradient-basedadaptiveprobabilistic
networks(APN) methoddevelopedby Binder, Koller, Russell,andKanazawa (1997)
andtheExpectationMaximization(EM) algorithm(Dempster, Laird, & Rubin,1977).
Bothmethodsuseasqualitymeasurewhich they try to optimizethe likelihood

�����
	 �
�
of thedata

�
regardingtheBN underconsideration,which is – in thecaseof a given

structure– uniquely characterizedby its CPT values
�
. In our exampledomain,the

variablesACTUAL WORKING MEMORY LOAD and RELATIVE SPEED OF SPEECH

GENERATION arehiddenvariables.
Thereexist severalmethodsfor learningthestructureof BNswhendatais complete,

seee.g.Heckerman(1998).For BNswith hiddenvariablestheSEM(structuralEM) al-
gorithmwasdevelopedby Friedman(1997).This hybrid algorithmalternatesbetween
improvementsof the structure(e.g., througha greedysearchstrategy) and improve-
mentsof the CPT values.Regardingthe latter part, both algorithms– EM andAPN
– canbe used.The quality measurethat is commonlyusedby SEM is the Bayesian
InformationCriterion (BIC) (Schwarz,1978):

����� ������	 �������� ���������
(1)

where � representsthe dimensionof the BN, i.e. roughly the overall numberof its
CPTentries,and

�
is thenumberof casesin

�
. A commoninterpretationof theBIC

measureis given by its division into two parts:(a) the logarithmof the likelihoodof
thedata,giventhecurrentmodeland(b) a termthatpenalizesmorecomplex structures
(with moreCPTentries).This quality measureis thereforewell suitedfor our context,
sincewe would like to learn interpretablemodels.Very complex modelsare rarely
interpretableones.

4 Exploiting Available Prior Knowledge

Now, wereferbackto theproblemsstatedin theintroductionof thispaper– with focus
on the structuralpartof the learningproblem.Detaileddiscussionson severalaspects
of thelearningof a BN’s CPTsfor usermodelingcanbefoundin Wittig andJameson
(2000)andJamesonandWittig (2001).We addresstherelevantissuesby theintroduc-
tion of severaltypesof availablea-priori knowledgeinto thelearningprocedure:



– Individualdifferences:Thereexist at leasttwo methodsto modelindividualdiffer-
encesbetweenusers:(a) throughexplicit structuralmodeling,with for examplethe
baseratevariablesincludedin ourexampleBN and(b) throughtheadaptationof a
generalusermodellearnedoffline – on thebasisof datafrom many users– to the
individualuseratthesystem’sruntime.In bothsituations,a-prioriknowledgeabout
the typeof individual differencescontributesto the right choiceof which method
to apply in a given context, see,e.g., Jamesonand Wittig (2001) for a detailed
discussion.

– Presenceof hiddenvariables:An importantpoint for theconstructionof usermod-
elsin theform of BNs is a-prioriknowledgerelatedto thepresence(or absence)of
hiddenvariableslike ACTUAL WORKING MEMORY LOAD andRELATIVE SPEED

OF SPEECH GENERATION in ourexample.Modelsthatincludesuchvariablesben-
efit in two differentwaysthusjustifying the learningtask’s increasedcomplexity:
(a) in mostcasesa modelwith hiddenvariableshasa simplerstructurewith fewer
links yieldingoftenmany fewerCPTvaluesthatneedto belearnedand(b) hidden
variablescontribute to the interpretabilityof the usermodel.In Wittig andJame-
son(2000)we presenta methodologyto solve problemsthatarisewhenlearning
interpretableBNswith hiddenvariables.

– Explicit knowledge concerningaspectsof the usermodel: In mostdomains,it is
easierfor an expert or even the systems’developerherselfrelying on her com-
monknowledgeto specifythestructuralpartof theusermodelthanto specifythe
CPTs.Often,thereis a lot of informationavailableon causalrelationsbetweenthe
models’parts.As alreadymentioned,throughthecausalinterpretationof links, the
BN framework is well suitedfor theusermodelingcontext. Nevertheless,themodel
buildingprocessshouldbenefitfromtheapplicationof machinelearningtechniques
to induce(somepartsof) thestructureof aBN representingausermodel,especially
in domainswheredifferentstructuresof modelsarepossible.

In thefollowing sectionwepresentanexploratorystudyonhow theintroductionof
explicit knowledgeconcerningseveral aspectsof the model’s structureinfluencesthe
resultsof the learningprocedure.Initially, we consideredtwo typesof prior structural
knowledgethat canbe exploited to limit the searchspaceof potentialstructures:(a)
specificationof aninitial BN structurefor thelearningand(b) specificationof structural
constraintsthat have to hold during the whole learningprocess,i.e. forbiddenlinks,
links thatmustbepresentor nodesthatarenot allowedto haveany parent.

5 Testsof Learning Methods

First,wedescribetheprocedureof theexperimentthatweconductedtostudytheimpact
of thespecificationof structuralconstraintsonthefinally learnedusermodels,followed
by a discussionof someof the – in our opinion – most interestingresultsand their
implicationsfor thedirectionsof our futurework.

5.1 Procedureof the Tests

Weperformedacross-validationtestusingthedataof the32subjectsin ourexperiment,
i.e.usingdataof 31 subjectsto learnausermodelthatwasthenscoredagainstthedata



of the remainingsubject.This wasdonefor eachof 32 possiblecombinationsstarting
with theBN structureof Figure1 with randomlyinitialized CPTs5. As learningproce-
duretheSEMalgorithmwith anEM algorithmastheinnerCPTlearningmethod(with
20 iterations)wasused.We performedfour tests,eachwith differentsetsof structural
constraintsspecifiedfor thelearningtask:

1. No structuralconstraintwasspecified.TheSEMalgorithmwasappliedwith theBN
of Figure1 asits startingpoint. This representsthe alternative with mostdegrees
of freedomfor thelearningprocedure.

2. The independentvariablesin our experimentwerenot allowedto have any parent
andtherehadto be a link from RELATIVE SPEED OF SPEECH GENERATION to
ACTUAL WORKING MEMORY LOAD aswell aslinks betweenthebaseratevari-
ablesandtheir correspondingsymptomvariables.

3. In additionto thestructuralconstraintsof 2, thelearningmethodhadto includeall
links in thefinal learnedBN thatwerepresentin theoneusedasthestartingpoint
for theSEMalgorithm’sgreedysearchprocedure(cf. Figure1).

4. No structurallearningwasallowed.Only theCPTs’valueswerelearnedwith the
EM algorithm,usingthestructureof Figure1.

We evaluatedthe resultsof thesefour learningtasksusing the average negative
log likelihood per casemeasure.We omitted the complexity part of the whole BIC
qualitymeasure(seeEquation1) for evaluationbecauseit is notdirectly relevantto the
predictive accuracy of the learnedBNs. It will beaninterestingissuefor furtherstudy
to relatethispartto theproblemof ensuringtheinterpretabilityof a learnedusermodel.

5.2 Resultsand Discussion

LearnedStructur es Figure2 showsa prototypicalstructurelearnedfor thefirst three
learningsituationson thebasisof 31subjects6. Themainresultis thatin all threecases
wherestructurallearningwas allowed, the variablesrepresentingthe baserate vari-
ableswerestronglyconnectedthroughnew links introducedby the SEM algorithm.
In fact,thesewerealwaysthefirst changesmadein the learningprocedure,leadingto
the largestimprovementsof theBIC scoreduring theearly learningsteps.Traditional
statisticalanalysesof thesevariablesconfirmedthattherearesomestrongcorrelations.
Furthermore,thereis only oneprofileof baseratevaluesfor eachsubject’s80observa-
tions thusreducingthe amountof variationregardingthecombinationof thesevalues
andcontributing to theadditionof theselinks duringtheearlylearningphase.

Moreover, somelinks wereremovedor reversedby the SEM algorithmin the test
settingswith fewer andno structuralconstraints(Situations2 and1). Particularly, it
seemsto be quite difficult for the learningalgorithmto recognizethe causalrelation-
shipsinvolving theindependentvariableSECONDARY TASK?. Wealreadymaderelated
observationsin thework describedin Müller etal. (2001),wheretheissueis furtherdis-
cussed.

5 An analysiswith severaldifferentlyinitialized startingBNs is currentlybeingconducted.
6 This particularBN waslearnedin first specifiedsituation(no structuralconstraints).Overall,

thestructuresshow little variationover thedifferentcombinationsof learningandtestdata.
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Fig.2. Learnedstructure(prototypicalexample)

Only a few resultscontainedlinks betweentwo symptomvariables,for example,a
link from NUMBER OF SYLLABLES to ARTICULATION RATE.

Quality of the Learned Models Themainresultconcerningthenumericalquality of
thelearnedBNsis relatedto theobservationmaderegardingtheinterconnectivity of the
baseratevariables.Whenscoringthe(intermediately)learnedBNs againstthedataof
the testsubject(seeFigure3)7, we canclearlydistinguishbetweentwo groupswithin
the32learnedBNs:(a)onegroupconsistingof 15BNsthatperformedwell and(b) one
consistingof 17 BNs thatperformedsignificantlyworsethantheothergroup.
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Fig.3. Individual resultsof thelearnedBNs

Figure 4 shows two prototyp-
ical curvesof the courseof struc-
tural learning.Searchingfor anex-
planation,we hada closerlook at
thedataandobservedthatthesec-
ond group of BNs relatesto sub-
jectsthatwerequite individual re-
garding the baserate values,i.e.
therewereunusualindividual val-
uesor profilesdifferentfrom those
of almostall othersubjects.Each
of thesesubjectsshowed at least
onecombinationof valuesof base
ratevariablesthathadnotbeenen-
counteredwith the subjectsused
for learning(e.g.for subject2 therewasa low proportionof silent pausesanda high
proportionof filled pauses).Consequently, thiscombinationwasassignedanextremely

7 The following particulargraphsarebasedon the resultsof the first learningsituation.The
valuesfor theothertwo situationsareverysimilar. Thespecificationof moreor lessstructural
constraintsdid nothave any significantinfluenceon thepresentedaspectsof theresults.In all
graphs,lower valuesrepresentbettervalues.



low valueby the learningalgorithm,and the fit to this subject’s datawasvery poor.
Lookingat thedashedcurveonthetopof Figure4 wecanseeapointwherethequality
breaksdown (in this particularexampleafter the fifth structuralchange).This is the
point in the learningprocedurewhena link is addedwhoseCPT cannot be reliably
learnedwith the availablelearningdataregardingthe model’s ability to generalizeto
new users(regardingthe result for subject2 this was the casewhena link from SP
BASE RATE to FP BASE RATE wasaddedto themodel).
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Fig.4. Resultsfor subjects2 and3

Figure 5 shows the results if
we partition the learnedBNs into
15 “good” and 17 “bad” ones
and evaluate them. Looking at
the curve that representsthe good
BNs, we observe a strongquality
improvementafter the first SEM
learningstepandonly quiteminor
improvementsfrom thenon. This
is due to the large adjustmentsof
theCPTvaluesby theinnerEM al-
gorithm during the first structural
searchstep.Later, only small ad-
justmentsof theseparametersare
madein theverysimilarstructures.
(Rememberthatsubsequentstructuresin thelearningprocedurediffer only by a single
added/removed/reversedlink.)
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Fig.5. Goodvs.badresults

This observation raises the
question whether we can bene-
fit from learning (parts of) the
BNs structure at all. Figure 6,
wherewe comparethe presented
resultsto resultsfor learning the
CPTswithoutany structurallearn-
ing allowed, indicatesthat in our
domain,structurelearningindeed
leads to a better quality of the
learnedusermodels.Thesecurves
arebasedon the valuesof the 15
“good” combinationsof learning
and test datasetsonly. Since our
SEM algorithmperformed20 EM

iterationsin eachsearchstep,we run theEM algorithmfor 420iterationsandtook the
intermediateresultsafterevery twentiethstep.



Discussionof Results The resultsof our exploratory study include every issuewe
mentionedin theintroductionof this paper.
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The division of the learned
usermodelsinto “good” and“bad”
ones is due to overfitting in the
structurallearningcausedby large
individualdifferencesof theusers.
Commonly, a link is introduced
into the modelwhoseCPT values
cannot be reliably learnedon the
basisof the limited learningdata
thatdoesnot representa adequate
sampleof the whole population.
Sincesuchasituationoftenoccurs
in thelearningof usermodelsit is
worthwhileto usemethodsto cope
with thisproblem.A possiblesolu-
tion couldbeto adaptthemodelatthesystem’sruntimeto theindividualuser. A method
hasto befoundthatdetectsthe“individuality” of thecurrentuserandmodifiestheuser
modelaccordingly. Thepartsof themodelthatareresponsiblefor thebadperformance
have to beidentifiedandadjustedin theright way.

In ourexamplethedifferentsetsof structuralconstraintsthatwerespecifiedbefore
learningtook placedid not yield any significantdifferencesregardingtheaccuracy of
thelearnedmodels.Althoughthis is probablynot a generalizableresult,herewe could
at leastkeepthe learnedusermodelsmoreinterpretableby specifyingstructuralcon-
straintswithout losing any quality. SeeFigure 2 for a BN learnedwithout structural
constraintsthat is indeedquite difficult to interpretfrom a theoreticalpoint of view.
Thespecificationof structuralconstraintsyieldedfar bettermodelswith regardto their
interpretability, for example,in situations2 and3 it is not possiblethatthereis link be-
tweena symptomvariablelike NUMBER OF SYLLABLES andanindependentvariable
like SECONDARY TASK? included.

Nevertheless,weobservedanimprovedperformanceof themodelswhenstructural
learningwas allowed in addition to the learningof the CPTs.This indicatesthat it
is worthwhile to addressthe problemsthat occurwithin structurelearningandtry to
developrelatedmethods.Thatis a mainpartof our ongoingwork.

6 Concluding Remarks

In this paper, we presentedissuesthat we think to be especiallyimportantwhenap-
plying machinelearningtechniquesfor usermodelingwith Bayesiannetworks.As a
concreteexamplescenariowe useddatathat we acquiredby a psychologicalexperi-
mentfor thelearningof a usermodel.We focusedon thestructuralpartof thelearning
problemandshowedthattheseproblemsindeedplay a role in this setting.

Our work in progressincludesthe developmentof methodsto copewith theseis-
suesbasedon methodsthatwe developedfor the learningof theCPTs’ valuesof BN



usermodels.As we have donethere,we try to achieve this goal throughtheexploita-
tion of availablebackgroundknowledgethatgoesbeyondthespecificationof structural
constraintslike thosewe initially studiedin thispaper.
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