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1. Intr oduction

Whenwe make inferencesboutthe beliefs,abilities, motives,andfuture actionsof otherpersonsye
haveto managegooddealof uncertaintyWithin socialpsychologyalargecommunityof researchers
hasinvestigatedhe way peoplehandlethesechallengesn everydaylife andthe natureof the errors
thatthey make (seee.g.,Nisbett& Ross,1980;Fiske & Taylor,1991).

In thefield of psychologicabssessmenfipor decadesechniquefiave beenexploredandappliedfor
makingsuchinferencesindercontrolledconditions(see g.g.,Wainer,1990).Evenwhenit is possible
to processnumerousobsenationsof a person carefully chosenandinterpretedwith referenceto an
extensive empiricaldatabasethe taskof dealingwith the uncertaintyassociatedvith the evidenceis
challenging.

Forinteractve softwaresystemshatattempto modelauseror astudentthegapbetweerthenature
of theavailableevidenceandthe conclusionghatareto bedrawn is oftenmuchgreater Suchsystems
in generalhave more meagerand/ormore haphazardlycollecteddataabouttheir usersthancanbe
obtainedby a persorwhois engagedn face-to-&ceinteractionor by atesterwhois in controlof the
situation Moreover, thesystemsanlessoftenfall backonarich backgrounaef relevantexperience.

Until the late 1980', researcherinterestedin useror studentmodeling had available only a
limited repertoireof techniquegor uncertaintynanagemeni hey mostlyhadto rely eitheron poorly
understoogdhoctechnique®r on generatechniques—suchasvariousformsof defaultreasoning—
thatwerenotreally well suitedfor thetreatmenbf mostproblemsn this area.

Fortunatelythe questionof how to managaincertaintyhasbeena rapidly expandingandincreas-
ingly mainstreamesearchopicin artificialintelligenceduringthepastdecadeln particularnumerical
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techniguesarenow widely used whereasot solong agosuchtechniquesverewidely dismissedas
impracticaland/orincompatiblewith the basicnatureof artificial intelligence!

The presentintroductoryoverview, like this specialissueasa whole, aimsto give researchermn
theareasf userandstudentmodelinga pictureof the prospectanddifficultiesassociateavith these
numericalapproacheandto shav themwherefurtherideasandinformationcanbefound.Section,
3, and4 considetlin turn thethreemajoruncertaintymanagememaradigmsandthe userandstudent
modelingsystemghathave emplog/edthem.Section2 examineshe paradignmthatfollows traditional
probabilitytheorymostclosely the onein which Bayesiametworks (BNs) arethe centraltechnique.
Sections3 and 4 then considerthe successiely lesstraditionalapproache®asedon the Dempster
Shafertheoryof evidence(DST) andfuzzylogic (FL), respectrely; theuseof theseparadigmss often
motivatedby objectionsto the moretraditionalones.Section5 compareshe threeparadigmswith
respecto aspect®f their usabilityin realisticcontets of researclandapplication.

Although almosthalf of the systemscoveredby this overview fall into the cateyory of student
modeling,for corveniencehe term usermodelingwill be employedin a broadsensehatsubsumes
studentmodeling.Similarly, the symbolZ/ will denotea userof a systemthat doesuseror student
modeling;S will denotehesystenin questionSothatgendebiascanbeavoided,masculingoronouns
will be usedfor referenceso the userin the contet of instructionalsystemsandfemininepronouns
will beusedin all othercases.

2. SystemsThat Have UsedBayesianNetworks

The most straightforvard examplesof Bayesiannetworks are thosethat involve a physicalsystem
that consistsof several componentsomeof which influenceotherscausally For example,a burglar
alarm(see,e.g.,Pearl,1988,chap2) canbe setoff by at leasttwo possiblecausesa burglary or an
earthquak.Ortotakealargely physicalexamplethatliesabit closerto usermodeling:The probability
thata high-jumperwill beableto cleara givenheightcanbe seenasdependingn two mainfactors:
(a)theheightof thebarand(b) thehigh-jumpersability (expressede.g.,in termsof theheightshecan
jump successfullyp0% of the time). Evenif thesetwo factorsareknown precisely an obsenrer will
be uncertainaboutthe outcomeof a jump nearthe jumpers typical height,becausef the operation
of variousotherfactors,someof which cannotbe taken into accountsystematicallyA specification
of therelevantcausarelationshipsnakesit possible(a) to predictoutcomeghatdependn particular
causesnd(b) to interpret obsened outcomesasevidenceconcerninghevariableghatcausedhem.
For example,anunsuccessfyump atan apparentlyjow heightsuggests low level of high-jumping
ability.

Relationshipdik e thesecanoftenberepresentedaturallywith aBN: adirected agyclical graphin
whichthenodesorrespondo (possiblymultivalued)variablesandthelinks correspondo probabilistic
influencerelationshipg. As will be seenbelow, the relationshipsamongvariablesdo not have to be
causalin nature thoughthe operationof a BN tendsto be especiallyeasyto understandvhenthis is
thecase.

1 Booksthat cover a variety of approacheincludethoseof Kruseet al. (1991), Neapolitan(1990), Pearl (1988),and
ShaferandPearl(1990).Theproceedingsf theannuakonferencesnUncertaintyin Artificial Intelligencele.g. thevolumes
editedby LopezdeMantarak Poole,1994,andby Besnard Hanks,1995)presentibroadrangeof researcltontrikutions.
Worksof morelimited scopewill becitedin latersections.

2 The conceptausedhereareintroducedin more detail by Mislevy and Gitomer(1995)in this issue.A longertutorial
expositionof BNsis provided by Charniak(1991)(seealsothearticleby Henrionetal., 1991,in the samemagazindssue).
A moretechnicalintroductionis offeredby RussellandNorvig (1995,chap.15). Detailedtechnicalbackgrounds given by
Pearl(1988)andby Neapolitan(1990).



NUMERICAL UNCERTAINTY MANAGEMENT IN USERAND STUDENTMODELING 3

UNIX EXPERTISE OF U DIFFICULTY OF "MORE"
EXPERT

S RERE
NOVICE iﬁ I I

KNOWLEDGE BY U OF "MORE"

KNOWN [ ] I ]
NOT KNOWN L—1 |

Figurel. Predictionandinterpretatiorof the users knowledgeof a UNIx conceptwith asmallBN.

Eacharrowv pointsfrom a parentnodeto its child node.The seconchistogramfor eachnoderepresentshe systems
beliefafterthe obserationthati/ knows the conceptMORE".

2.1. THE IPSOMETER SMALL -SCALE NETWORKS FOR KNOWLEDGE ASSESSMENT

Thefirst systemin this sectionwill sene asasimpleillustrationof someof thebasicconceptsof BNs

in a usermodelingcontect. The exampleproblemconsiderederewill alsosene asanintroductory
exampleof theuseof DST (Section3.1) andFL (Section4.1). The exampleis situatedn thedomain
of the systemKNOME (Chin, 1989;seeSection4.1): An intelligent help systemmustincrementally
updatdts assessmeimif auser/'s expertisewith respecto theoperatingsystemUNix onthebasisof

informationthatrevealswhether/ is familiar with threeUNIX concepts.

TheexampleBN in Figurel representanadaptatiorof theinferencemechanisnof thelPSOMETER
(Jamesori1990,1992) whichwasinitially developedasastandaraf comparisorior everydayhuman
judgmentof whatotherpersonknow. Considerfor themomenwonly thefirst (white) histogranshown
for eachof thethreenodesn the network. Eachnoderepresentthe systems beliefaboutoneof three
variables The histogramfor unix EXPERTISE OF ¢ shaws thatfour possiblelevels of this variableare
distinguishedAt any moment,the systems$ uncertainbelief abouti/'s expertiseis representethy a
probabilitydistribution, whichis depictedby thehistogramln thepresenexample/ is atfirst entirely
unknonvnto S, soS's beliefreflectssimply thedistribution of expertiselevelswithin the populationof
userghatS dealswith.

Similarly, threepossiblelevels for piFFicuLTy oF “moRe” are defined.It canbe seenthat S is not
entirely certainabouthow difficult the conceptmore” is. In spiteof all this uncertaintyS canderve
a belief abouthow likely ¢/ is to know “more” by allowing downwad propagationto occurin the
network. The resultingbelief is shavn in the nodeknowLEDGE BY u oF “MoRE”, which is the child
of the two other parent nodes.To derive this belief, the network requiresa conditional probability
table This tablespecifiesfor eachof the 24 combinationsof possiblevaluesof the variablesin the
parentnodesandthe child node,how likely the valueof the child variableis, giventhe valuesof the
parentvariables.Theseconditionalprobabilitiescould be derived from empirical data,estimatecby
a domainexpert, and/orbasedon a more generaltheory aboutthe relationshipsamongvariablesof
thesetypes.In the presentxample thethird possibilityis realized:The probabilitiesarechoserto be
consistentvith a commonlyusedmodelwithin psychologicatesttheory the one-parametdogistic
modelof Item Responsé& heory (see,e.g.,Hambleton& Swaminathan1985). This modeltreatsa
confrontatiorbetweera persoranda knowledgeitem asanalogougo anattemptby a high-jumpetrto
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Figure2. Statesof theBN of Figurel afterausers (lack of) knowledgeof two furtherconceptdasheenobsered.
Thehistogramswith a particularshadeof grayrepresenthe systems beliefsata particularpointin time.

jump a particularheight,wherethe heightof the bar correspondso the difficulty of the knowledge
item.

The belief for kNowLEDGE BY 1/ OF “MORE” shavs thatS expectsi/ to know “More”, eventhoughS
hasno prior experiencewith U, simply becausemore” is apparentlyso easy This type of inference
from causego effectscanbe calledpredictiveinference(cf. Pearl,1988,p.6).

Diagnosticinference on the other hand, moves from obsenred effects to possiblecausesFor
example thesecondgray) histogranfor eachnodeshovs S's beliefsafterS haslearnedhati/ does
in factknow “more". S now assignsa probability of 1.00to the valueknowN for KNOWLEDGE BY ¢/ OF
“MORE". S thenupdatests beliefaboutunix EXPERTISE OF ¢/ via upwaid propagation whichcanbeseen
asageneralizatiomf theapplicationof Bayes'rule. Thebasicideais thatthosecombination®f values
of the parentvariablesthat are associatedavith the obsenedresultby a high conditionalprobability
becomeproportionallymorelik ely, whereaghe othercombinationdbecomdesslikely. In thiscase S
now assignsslightly higherprobabilitiesto the higherlevelsof unix ExPERTISE OF u; but onthewhole
S is notvery“impressed’by U's familiarity with this simpleconcept.
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Similar processingpccurswhensS learnsabout/'s knowledgeof further conceptsasillustrated
in Figure2, which extendsFigure 1. For eachnew concept.a noderepresentings's belief aboutits
difficulty is addedto the network. A nodefor the belief abouti/'s knowledgeof the conceptis also
addedand then updatedto reflectif's obsered (lack of) knowledge.After U is seento know the
MUNDANE conceptrwHo", §'s assessmerttf her expertiseagainbecomesnorepositive. Later, when
sheis seennot to know “FG”, anothemuNbANE conceptthereis a changan the oppositedirection.S
beginsto corvergeonthe conclusionthatif's level of expertiseis neithervery high nor very low.

ThereademayhavenoticedthatS alsoupdatests beliefsaboutthedifficulty of thevariousconcepts
on the basisof ¢'s knowledgeof them (comparefor example,the two histogramgor piFFiICULTY OF
“FG"). S even continuesto updateits belief aboutpiFFicuLTy oF “mORE” after its initial processingof
thefactthatZ/ knows the conceptmoRrEe”, becauseS's revisedassessmentsf U's expertisecauseS
to rethink its original interpretationof this evidence.This updatingof beliefsaboutvariablesother
thanthosedescribingthe currentuseris an automaticconsequencef the standardBN propagation
techniquesits consequencesill bediscussedn Section2.12.

2.2. CATEGORIESOF SYSTEMS THAT HAVE USED BAYESIAN NETWORKS

Figure 3 andthe later Figure 5 togethergive an overview of systemsthat have usedBNs for user
modeling® Figures8 and 11 will give similar overviewns of systemsthat have usedDST and FL,
respectiely. Thesefigurescharacterizeeachsystemin termsof the typesof variableaboutwhich it
makesinferencesThefive categoriesof variablesdistinguishedareexplainedin AppendixA.

The systemawill be discussedn the orderof their appearance the figures.The onesthat have
usedBNsfall into four cateyories:

1. Themainemphasi®f thefirst four systemsn Figure3 is ontheassessmeimif moreor lessgeneral
abilities. Thesesystemsnainly usethe diagnostianferencecapabilitiesof BNs, aswasillustrated
by the way in which the IPSOMETER(Section2.1) interpretedevidenceabouti/'s knowledgeof
concepts.

2. Thefifth andsixth systemsn Figure3 assessotgenerahbilitiesbut the possessionf knowledge
of individual conceptsThe distinction betweenpredictve and diagnosticinferenceis lessclear
here becausdothupwardanddownwardpropagatiorcanbeusedto infer thati/ knowsaconcept,
giventhefactthatsheknows certainotherconcepts.

3. Thefirst threesystemsin Figure5 are designedo recognizethe plansof an agent(who is not
actually a computeruser in the contet of thesesystems).The emphasisis again mainly on
diagnosticinference althoughone purposeof planrecognitionis to make possiblethe prediction
of apersonsfutureactions.

4. For the lastthreesystemsin Figure5, predictive inferenceis at leastasimportantasdiagnosis.
Predictionsconcerninga users cognitionand/orbehaior form a basisfor the systems decisions
andactions.

Note that the arrans in Figures3 and5 have a different meaningthanthoseusedin graphical
representationsf BNs: In particular an upward arrov in one of thesefiguresmay correspondo

3 Threeotherusesof BNs have beendescribednly briefly in the publicationsthathave appearedo date.They arelisted
herefor readersvho might be especiallyinterestedn thedomainsnvolved: Sime(1993)usesa BN to expresselationships
amongsereral typesof knowledgethata studentmay have abouta physicalsystem.The BNs of PITAGORA2.0 (Carbonaro
et al., 1995, sectiorB.1; Roccetti& Salomoni,1995) male inferencesabouta students knowledge of problemsolving
proceduresor EuclideangeometryDrangy etal. (1995)describeBNs thataredesignedor usewithin aLISP programming
tutor. Their purposeis to assesstudents'masteryof itemsof proceduraknowvledgeon the basisof their performanceon
programmingasksfor which theseknowvledgeitemsarerequired.
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Figure3. Systemghathave usedBNsfor knovledgeassessment.

The five levels of variablesare explainedin AppendixA. “X — Y” means‘The systemmales inferencesabout
variablesof type Y on the basisof its beliefsaboutvariablesof type X”. A dashedarrov meanghattheinferences
arenotmadewith the systems$ numericaluncertaintynanagemertechniques.
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inferenceghataremadevia upwardpropagationyhichin a BN actuallymovesbackwardalonglinks
thatpoint“downward”, from parentto child.

2.3. OLAE: ASSESSINGPHYSICS SKILL WITH FINE OR COARSE GRANULARITY

OLAE (Martin & VanLehn,1993,1995)is partof a physicstutoringsystemBut OLAE is notdesigned
to supportinteractive tutoring. Its purposeis to yield a differentiatedand reliable assessmenif a

students knowledgeof a subdomairof physics.The obsenationsthatits BNs useasinput concern
equationgypedin by ¢ while U solvesa physicsproblem.The mostimportantinferencesconcern
U's (lack of) knowledgeof particularphysicsrules(e.g.,how to computethe massof anobjectgiven

its densityandvolume).Eachsuchrule correspondso a two-valuedvariablerepresentethy a node
in a BN. The systemautomaticallyconstructdhe BN thatcorresponds$o a particularproblemon the

basisof aproblemsolutiongraph this graphessentiallyrepresentghevariouswaysin whichi/ might

try to solve the problemby applyingrulesto the factsof the problemandto the intermediateesults
generatedby rule applicationsThe problemsolutiongraphis itself automaticallyconstructedn the

basisof adescriptionof the problemanda cognitive modelof the problem-solvingorocess.

The BN constructedor a problemthereforereflects,amongotherthings, the likelihood that ¢/
would typein particularequationsf he possessegarticularrules.The obseredbehaior of U gives
riseto upwardpropagationywhich changesS's beliefsabout/'s possessionf individual rules.These
rule probabilitiescanbeinspectedy anassessasuchasateacher

A uniquefeatureof OLAE is its provision of asecondype of BN specificallyfor theassessowho
consultsthe systemafterthe processingketchedabove hasbheencompleted The assessos network
contains(a) the rule-possessionodesfrom the original BN which representheresultof thatBN's
processin@nd(b)dimensionahodedor moreabstracvariablegha represerid' smasteryof particular
topicssuchasKinematicsor Contentof Chapter5. (The ideais thatthe assessomay be interested
in a coarse-grainedharacterizatiorof &'s knowledgeaswell asin a fine-grainedcharacterization
in termsof individual rules.) Note that the dimensionalnodescould in principle also be integrated
into theoriginal BN. If thisweredone thedimensionahodeswould be updatedautomaticallyduring
the interpretationof {'s problem-solvingbehaior. In addition, they could in turn influenceother
aspectof that interpretationprocessdependingon exactly how they were defined(cf. Section2.5
below). For example,if someaspect®fU's behaior suggested goodoverall masteryof kinematics,
the probabilitiesassociatedvith all kinematicsruleswould increaseS would thenbe lessinclined
to explain otheraspectf U's behaior in termsof U/'s lack of knowledgeof particularkinematics
rules.

2.4. PoLA: FROM KNOWLEDGE TRACING TO MODEL TRACING

RecentlyConatiandVanLehn(1996)have presentethesystemPoLA, which builds onthetechniques
of OLAE. RecallthatOLAE is invokedonly afterthestudentiascompletedvork on atleastonephysics
problemihiskind of retrospectiediagnosiss calledknowled@tracing By contrastPoLA is designed
to performmodeltracing It canbe invoked repeatediyduring the students problemsolving, every
time thestudenthasperformedanobsenableaction.A primarytaskof POLA is to determinavhich of
the variouspossiblesolutionpathsthe studentis pursuingandwhatruleshe hasappliedsofar. One
problemthatariseshereis the needto distinguishbetween:

= rule applicationghatthe studenthasalreadyperformedand

= rule applicationghatbelongto the students chosersolutionpathbut thatthe studentasnot yet

performed.
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Figure4. Two possiblerelationshipsetweergeneralndspecificabilities.

It wouldin principlebepossiblao takethisdistinctioninto accountvith amorecomple representation
of hypotheseaboutrule applicationghanthe straightforvardrepresentationsedin OLAE's BNs. But
Conatiand VanLehnadoptan alternatve stratgy which allows the semanticof the network nodes
to remainrelatively simple: PoLA constructsits BNs incrementally in generaladdingnodeseach
time the studentperformsanobsenableaction.At any momentthenodesn aBN concernonly rule
applicationsfor which thereis evidencethat the studenthasalreadyperformedthem. In this way,
possiblefuturerule applicationsdo nothave to betakeninto accountin the BNs.

PoLA's approachillustratesthatthe designerf a systemthatusesBNs sometimesasthe choice
betweertwo waysof dealingwith a necessargistinction:

» Representhedistinctionexplicitly in the semanticof the network nodesandin the conditional
probabilitytables;or

» designaprocedurdor dynamicconstructiorof the BN which dealswith thedistinctionin amore
procedurafashion.

As is usualwith decisionsaboutdeclaratve vs. proceduralsolutions,there are argumentsfor and
againsteachof theseoptions.But POLA's domaindoesappearto be onein which a partly procedural
approacldeseresseriousconsideration.

2.5. HYDRIVE: MODELING A HIERARCHY OF ABILITIES

HYDRIVE (Mislevy & Gitomer,1995,in thisissue)modelsa students competencat troubleshooting
anaircrafthydraulicssystemOnesalientcharacteristiof thesystenisits useof dimensionalariables
atthreedifferentlevelsof specificity asdepictedn thethreeupperlevelsof the partialnetwork shovn
in Figure4A. Thesevariabledllustratethe problemthatit is not alwaysclearwhatdirectionthelinks
in aBN shouldgoin, especiallywhentherelationshipsarenotcausarelationshipsn anobvioussense.
Thetwo mainoptionsfor this caseareillustrated(with somesimplification)in Figure4. With thefirst
option (Figure4A), sYSTEM KNOWLEDGE IS viewed asbeingin somesensea determinanof the more
specificabilities LANDING GEAR KNOWLEDGE andcanorPY KNOWLEDGE. With the secondoption, sysTem
KNOWLEDGE iS, roughly speakingthe sumof the morespecificabilities.
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HYDRIVE adoptsthe first of thesetwo options,whereasOLAE (Section2.3) basicallyadoptsthe
secondone. Which optionis betterdependson exactly what the designerintendsthe dimensional
variablesto representThe questioncanbe broughtinto sharperfocusif the consequencesf eachof
thetwo optionsfor theBN'sprocessingreexamineal. Consder, for example thecasewherel/ performs
asuccessfuhctionthatleadsS to modify upwardits beliefaboutl/'s LANDING GEAR KNOWLEDGE. What
shouldthe consequencdsr S's beliefsaboutsysTEM KNOWLEDGE andCANOPY KNOWLEDGE be?

With thefirst solution(Figure4A), S will now ascribeto U greatersysTem KNOWLEDGE (by upward
propagationandthenin turn expectstrongercanory kNowLEDGE (by downward propagation).

With thesecondsolution(Figure4B), S will likewiseascribeto U/ greatersysTem KNOWLEDGE (this
time by downward propagation)But S will now have no reasorto be moreconfidentthati/ is strong
in CANOPY KNOWLEDGE, asthisis simplyanindependentactorthatalsoinfluencesysTeEmM KNOWLEDGE.
In fact, if S hadpreviously receved somedirect evidenceto the effect thati/ had a given level of
SYSTEM KNOWLEDGE, theincreasdn S's assessmemf /'S LANDING GEAR KNOWLEDGE would leadS to
lower its assessmertf Z{'s CANOPY KNOWLEDGE, by upwardpropagation.

Anotherquestiornconcerningherelatively specificdimensionahodesusedin HYDRIVE is whether
they are optional, to be includedin the BN only if the designerwishesto obtain an especially
differentiatechssessmenf theusersabilities.Onemightatfirstthink thatnodessuchasLANDING GEAR
KNOWLEDGE could be omittedfor simplicity andthatnodessuchasaction1 couldbe linked directly
to a globaldimensionahodelik e overALL PROFICIENCY. But this simplificationcouldleadto serious
distortionsFor example thesuccessfuperformancef the pair of actionsaction1 andacTion2 would
leadto basicallythe sameinferencesabouti/'s overALL PROFICIENCY asthe successfuperformance
of the pair consistingof AcTion1 and AcTion4. But in reality, the former pair of actionsconstitutes
wealerevidenceof goodovERALL PROFICIENCY: It is possiblehatl/ simply happenso know alot about
landinggears(This point becomeglearerin the casewherel{ performs10 successfuactionsall of
which requireonly landinggearknowledge.)The key considerations thatthe outcomesf different
landing-gearelatedactionsarenotconditionallyindependenevengivenaparticularievel of overaLL
PROFICIENCY—althoughthey presumablyare,to asufficientdegree,givena particularevel of LANDING
GEAR KNOWLEDGE. As explainedby Mislevy andGitomer(1995),thelinks in aBN have to bedefined
in suchawaythatall dependencieamongvariablesarereflected.

2.6. EPI-UMOD: EXPLOITING DEPENDENCIESAMONG KNOWLEDGE ITEMS

Someapproache® knowledgeassessmeigio onestepfurtherthanintroducingdimensionalariables
thatarerelatively specific:They attemptto avoid dealingwith dimensionalariablesaltogether

The systemEPI-UMOD (de Rosiset al., 1992) modelsthe knowledgethat various categories of
medicalpersonnepossessoncerningconceptsisedn theanalysisof epidemiologicatiata.TheBNs
constructed@ontainnodimensionahodedik e MASTERY OF EPIDEMIOLOGICAL DATA ANALYSIS. Insteadfor
eachof a numberof concreteusercateyories(e.g.,“hospital doctor”), a separatdBN is constructed
whichrepresentsnly specificprobabilistidinks amongndividualknowledgeitems(e.g.,"How likely
is it thati/ knowstheconceptreLATIVE Risk” if sheknows/doesiotknow theconceptrisk FACTOR™?”).
Giveninputinformationaboutsomeconceptshatl/ doesordoesnotknow, theBN usesothdownward
andupwardpropagatiorto updatets predictionsabout/'s knowledgeof otherconcepts.

A strongpoint of this approachis that it captureswell the following type of closerelationship
betweenconceptsi/ canhardly know the conceptreLATIVE Risk” unlesshe haslearnedthe concept
“RISK FACTOR". This relationshipwould be capturedonly partially by a belief on the part of S that
“RISK FACTOR” wassimply easierthanrReLATIVE Risk” on somegeneralifficulty dimensionTechniques
of knowledgeassessmenhatemphasizéhe exploitation of relationshipsamongspecificknowledge
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itemshave beenexploredextensiely within thetheoryof knowledg spaces’ which promisedo play
anincreasinglyimportantrole in usermodeling.

On the otherhand,thereare mary probabilisticrelationshipsamongknowledgeitemswhich are
not describedequallywell in termsof prerequisiteelationshipsFor example,a userwho knows how
to file awayan e-mail messagés relatively likely to know how to forward a messageyet neitherof
thesetwo piecesof knowledgeis a prerequisitdor the otherone;they aresimply bothreflectionsof
e-mail handlingproficieng. It is questionablavhetherthe capability of handlingsuchrelationships
in a straightforvard fashionin a BN shouldbe sacrificedin an effort to captureanothertype of
relationship.

Onthemorepracticalside,themethodof deRosisetal. requireshatalarge numberof conditional
probabilitiesbe specifiedfor the links betweenthe individual conceptsin fact the authorsfind it
necessaryo do this for eachof several categoriesof user in orderto take into accoundifferencesn
thewaysin whichthey go aboutlearningthe conceptsn questionThis practicalityproblemis oneof
themainissuesaddressetly Desmarai®tal. (1995)in thisissue.

2.7. Poks: KNOWLEDGE ASSESSMENTWITHOUT KNOWLEDGE ENGINEERING

Desmaraigtal. (1995)shov how anetwork of the samegeneratypeasthoseof deRosisetal. (1992)
canbe constructedully automaticallyon the basisof a modestamountof empiricaldata.They then
reporton an investigationof the utility of sucha network for the assessmeruf the knowledge of
individual users.

Theauthors'goalis to determinehow far onecangetin practicewith methodghatmake minimal
demandsn termsof empiricaldataandcomputationAccordingly, they usesimplermethodghanthe
techniqueghat have beendevelopedfor BNs. Their work nonethelesslealswith basicallythe same
issueghatwould ariseif BNswereusedfor the samepurposelt is likely to befollowedin thefuture
by applicationsof techniqueghatare currentlybeingdevelopedfor the learningof BNs (Desmarais
etal., 1995,sectiond; seealso,e.g.,Heckermanet al., 1994; Russell& Norvig, 1995, sectionl9.6;
Russelletal., 1995).Theseaechniquesllow theconditionalprobabilitiesof a BN—andin somecases
its structure—tdbe acquiredautomaticallyfrom empiricaldata.This possibility may ultimately have
importantconsequencdsr the practicalusabilityof BNs for usermodeling.

Anotherimportantgeneralissueinvestigatedy the authors(sectior6.3.2)is that of biasedsam-
pling of userbehavior. This problemcanbe explainedwith referenceo the introductoryexamplein
Section2.1 (Figure 2), in which the user/ wasobsenedto know the conceptsmore” and “RWHO”
but not the conceptrc’. Supposehatthe systemS acquiredinformationabout/ in sucha way that
it only learnedaboutcaseswherel/ did in factknow a concept(e.g.,becausehe only information
available consistedof U's active useof a concept).Thennegative obsenationslike the third onein
Figure2 would neverbeobtainedandS's beliefabout/'s UNIX expertisewould keepbecomingmore
optimistic.(The oppositeeffect could arise,for example,if theinput dataconsistednly of questions
by U to the help systemwhich indicatedthatl/ did not know a givenconcept.)in otherwords,even
the mostvalid BN canyield grosslyincorrectconclusionsf measuresre not taken to ensurethat
acquisitionof evidenceabouteachvariableis unbiased—thais, thatthe probability thatinformation
aboutthe valueof avariableV will beobtaineds independenof thevaluethatV actuallyhas.More
generally designer®f usermodelingsystemsanay take a hint from the factthat socialpsychologists
(e.g.,Nisbett& Ro0ss,1980,chap 4) have identifiedbiaseddatasamplingasa majorsourceof errorin
everydaysocialperception.

4 See,for example,Falmagneet al. (1990), Villano (1992),and Kambouriet al. (1994),aswell asthe discussionby
Desmarai®tal. (1995,sectiord) in thisissue.
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Desmarai®tal. discusdwo waysof avoiding datasamplingbias:

1. S obtainsthroughindirectinferencethe informationthatit cannotobtaindirectly becauseof
bias.
2. S in effectadministersatestto ¢/, decidingitself which variablesto obtaininformationabout.

A furtherpossibilityis for S simply to ignoreparticulartypesof information.For example,if biased
informationconsistingof questiongo the helpsystemis obtainedalongwith other unbiasednforma-
tion, S canrefrainfrom usingthe biasednformationto updateits BN.

2.8. USING THE ENVIRONMENT AS EVIDENCE FOR PLAN RECOGNITION

Thenext threesystemgcharacterizeth thetop half of Figure5) employ BNsin aquitedifferentway
thantheonesdiscussedofar: for recognizinganagents plans.

A goodstartingpointisthesystenpresentetty PynadattandWellman(1995).Theauthorgdescribe
how the systemhandlesa relatively simple exampleof a planrecognitionproblem:Supposeyou are
driving in the middle laneof a three-lanehighway andyou seethe cardirectly behindyou move into
theright lane. You may wonderwhether during the next few momentsthe driver 4 of the car will
(a) move pastyou andthenreturnto the middle lane, (b) stay behindyou in the right lane, or (c)
leave the highway via anexit. To make this prediction,you arelikely to try to interpretthe car'sinitial
motionin termsof U's goalsandplans—forexample,the goal of attaininga highervelocity, which
may requirethe executionof the plan of passingthe car ahead Pynadathand Wellman's methodis
intendedultimatelyto enablea computerdrivenvehicleto performthis sortof planrecognition?

Theauthors'BNs arebasedn a generaktausaimodelof theway in which anagentconstructsand
executeglansin a givenernvironment.The causaplanningmodelcanbe summarizedn termsof the
following phaseswherethe eventsin eachphaseareseenascausinghosein thelaterphases:

1. U obsenesaspect®f the physicalervironment.

2. U comparegsheseobsenationswith her goals,determiningthe extentto which her goalsare
fulfilled.

3. U selectsaageneraplanto addressainunfulfilled goal.

4. U refinesthe plan,takinginto accoundetailsof the currentsituation.

5. U executesa sequencef actions,perhapsncluding communicatioractionswhich signalher
intentions.

6. Theseactionshave obsenableeffectsontheernvironment.

TheBNs constructedvithin this framewvork have nodesthatcorrespondo eventswithin eachphase®
In particular the variablesfor the two planningphase$ave aspossiblevaluesthe variousalternatve
plansthat canbe adoptedwith a view to achieving a given subgoal.The links emanatingfrom the
nodedor eachphasamostly pointto nodesfor the next phase.

Using the network for plan recognitionis quite straightforvard: S first fixesthe valuesof ary
obsened variables—mainlyariablesfor Phased and 6. After upward and dowvnward propagation
have occurred,S canexaminethe beliefsin the network concerningary othervariablesthat S is
interestedn. The mostobvious variablesof interestconcerni/'s plans(PhasesS and4); but S can
alsosimply derive a predictionof ¢'s futurebehaior by examiningnodedor Phase® and6. In other
words,S maywantto know whatl/ is goingto do next withoutworryingmuchaboutwhatherreasons

5 Forbesetal. (1995)useBNs for a similar purposebut their systemdoesnot at presenexplicitly represenhypotheses
aboutindividual drivers.

® The nodesfor Phasel representhe actualstateof the environment,not I4's obserations of the ervironment.lt is
assumedn PynadatrandWellman's (1995)examplethat/ is ableto obsere the environmentaccuratelyThe authorsnote
how this assumptiortould be avoided.
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for doingit might be—anattitudethatmakessensef a givenactioncanbe performedaspartof the
executionof variousdifferentpossibleplans.This flexible useof the network's inferencess possible
becausef theintegrationof diagnosticandpredictie inferencen BNs.

Perhapghe mostinnovative aspectof this modelis its inclusion of a numberof variablesthat
representispectf the physicalcontet (Phasel). For mostusermodelingsystemshat use BNs,
the obsenable dataconcernonly the users behaior. Thesesystemsdo not representithin a BN
the dependencef U's cognitionandbehaior on{'s perceptiorof the currentsituation. Thereason
is presumablythat the relevant aspectof the currentsituationare in generalknown to the system.
For example,whena tutoring systemS haspresented problemfor ¢/ to solve, S in generaknows
exactly what problemhasbeenpresentecgand what otherinformationZ/ hasavailable.S musttake
thesefactsinto accountwhenconstructinga BN to analyzel/'s behaior; but thesefactsdo not have
to berepresentedh nodesof the BN, sincethereis no uncertaintyaboutthem.

The broaderconceptualizatiopresentedy PynadattandWellmanseemdikely to becomemore
importantas computersmove off of the desktopand out into the world. A usermodelingsystem
will thenoftenhave only uncertainhypotheseaboutthe users situation.But evendesigner®f more
conventionalsystemamight considerincluding representationsf relevant contextual eventsin their
BNs. For example a physicgtutoringsystemcouldbeuncertairasto whetherthe studenhasavailable
alist of relevantformulas eitheron paperor somavhereonthescreenAnd eveninformationpresented
by the systemitself may be partly unknovn to S. For example,if S presentwideoclips, S may not
have arepresentationf all of theeventsshovn in thevideoclip thatmightinfluencel('s behaior.

2.9. REUSINGPLAN GENERATION KNOWLEDGE FOR PLAN RECOGNITION

Onequestiorraisedby the systemof PynadattandWellman(1995)is: Wheredoesthe network come
from? In principle, a designercould designby handa network like this for every plan recognition
problemthatthe systemmightface.But this procedurenayrequireunfeasibleandunnecessargffort,
especiallyif the systemalreadyhasaccesgo a planlibrary which canbe usedfor the geneiation of
theplansin questionln this casejt shouldbe possibleto usethis library asa basisfor the automatic
generatiorof BNsthatcanbe usedfor therecaynition of the sameplans.

This approachs introducedby Huberet al. (1994). Their exampledomaininvolvestwo agents
cooperatingo performa military reconnaissancesk. The authorspresenta generalprocedurefor
mappingplanningknowvledgeontoBNs. For example givenatop-level goalthatanagenmightpursue,
theprocedurecreatesa BN with nodescorrespondingo thefollowing typesof variables:

top-level goalsandsubgoals;

actionsthancanbe performedo achieve subgoals;
obsenableeventsandstateghatreflectthe factthata givenactionis beingperformed:and
aspectof the context.

With this method,a usermodelingsystemcould generatea library of BNs beforeobtainingary
obsenationsof thecurrentuser/. Eachof theseBNswould be specializedn therecognitionof ways
in whichtheusermmightpursueaparticularhigh-level goal. Thistop-dowvn approachs in somerespects
opposedo that of Charniakand Goldman(1993),which will be examinedin the next subsection,
in which planrecognitionBNs aregeneratedottom-upon the basisof informationaboutan agents
actions.

An incidentalcontritution of Huberet al!s article is an exampleof a solutionto a problemthat
frequentlyarisesin usermodeling:the problemof how bestto handlealternatve hypothesesvhich
are(moreor less)mutually exclusive andwhich have qualitatvely differentconsequencegonsidey
for example thesmallplan-recognitiorBN depictedn Figure6A (ignoringfor themomenthedotted
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Figure6. Two waysof representingnypotheseaboutmutuallyexclusive goals.

arrov from GoAL1 to GoAL2): GoAL1 canbe achievedthrougha combinationof the actionsacTtion,

AcTioN 2 andacTion 3. Thereforetheleft-handhalf of the network canbe usedto recognizevhethera
userl is pursuingcoAL 1. A similar relationshipholdsfor coaL 2. But whatif we know thatl/ cannot
pursueboth of thesegoalsat the sametime? Thenary evidencethat/ is pursuingcoaL1 (e.g.,an

obsenrationthati/ hasperformedacTion1) shouldcountasevidenceagainsthe hypothesighati/ is

pursuingcoAL 2; yetthis sortof inferences not providedfor by the solid arronvsin the network.

A straightforvard way of representinghe mutual exclusivity of a setof hypothesesn a BN is
to includethemall aspossiblevaluesof a singlevariable(cf., e.g.,the four possiblelevels of unix
EXPERTISE OF « in Figure 1). This generallyworks well aslong asthe several hypothesesll have
implicationsfor the samesetof child variables But in the presentexample,the resultwould be the
network shavnin Figure6B,in whichthepossiblevaluesor GoaL arecoAL 1, GOAL 2 andNEITHER GOAL 1
NOR GOAL 2. This solutionhasan obvious disadwantageinspectionof the graphdoesnot shav which
goalis associate@ith whichactionsthisinformationis hiddeninsidetheconditionalprobabilitytable.
Theproblembecomesvorseif therearemorealternatve goals,or if eachonehasamorecomple set
of associatedctionsand/orsubgoalgcf., e.g.,theexamplegivenby Mislevy, 1994,pp. 467—468).

The simpler solution usedby Huber et al. is to add an inhibitory link from coaL1 to GoAL2
(representetly thedashedarrow in Figure6A). The conditionalprobabilitytablefor thislink implies
thatif coaL1 is beingpursuedgoaL 2 is notbeingpursuedby upward propagationevidencein favor
of coaL2 will likewisecountagainstoaL 1. Thesolutioncanbegeneralizedo casesvherecoaL 1 and
GOAL 2 arenot strictly mutually exclusive but rathercoaL 2 is simply lesslikely givencoaL 1 thanit is
withoutit. A somavhatunsatisctoryaspecbf this solutionis thatthedirectionof theinhibitory link
is in generalargely arbitrary:You cansaythatpursuingcoaL 1 makesit impossibleto pursuesoat 2,
but the oppositestatemenis equallyjustifiable.Yetonly oneof thetwo links canbeincluded because
aBN cannotincludecycles.
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2.10. WIMP3: PUSHING BAYESIAN NETWORKSTO THE LIMIT FOR STORY UNDERSTANDING

CharniakandGoldman(1993)and(morebriefly) Charniakard Goldman (1991) prese&tanimpassoned
argumentfor the useof BNs for planrecognitionjthey argue,in particular for the superiorityof their
approachto the DST-basedapproachof Carberry(1990; cf. Section3.2 belown). The input to their
systemWimMP3 doesnot comefrom a computeruserbut ratherfrom passagesf text thattell brief
stories,suchas“Jackwentto theliquor store.He pointeda gunattheowner”.

The authorsgive anunusuallyexplicit characterizationf the propertief the nodesin their BNs
and of the procedureby which WimMp3 dynamically and incrementallyconstructssucha network
while processinga story Of particularinterestis a marker-passingechniquethatis usedto prevent
the explosive constructionof large networks which containmainly nodesassociatedvith very low
probabilities;similar problemscaneasilyarisein othersystemghatgenerat8Ns dynamically

For usermodelingresearchersCharniakandGoldmans BNs have a drawback,comparedo those
of PynadatrandWellman(1995)andHuberetal. (1994): Thenodesdo not correspondo intuitively
naturalconceptdik e goalsandactions.Insteadthey correspondo fine-grainedoropositiondike Ls2
IS A LIQUOR STORE @andLs2 IS THE FILLER OF THE “STORE” SLOT IN THE LIQUOR-SHOPPING EVENT LSS3. It can
be difficult to assignprobabilitiesto propositiondik e thesein a naturalway. For example,oneof the
numbersn the conditionalprobability tableassociateavith the secondpropositionis 1/|liquor-stord,
wherethe denominatorefersto the total numberof liquor storesthat exist. This fine-grainedand
partly unintuitive characteof the BNsis dueto thefactthatBNs areusedherefor morethanjustplan
recognition:They manageheentireprocesf storyunderstandingyeginningwith theinterpretation
of individual wordsin theinput text.

This work alsoillustrateshow the choiceof an appropriateconceptualizatiorran dependon the
specificcontect in which a systemis used.Theassignmenof probabilitiesin WimMpP3 presupposeihat
thefrequeng of occurrencef eventsandobjectsin thestoriescorrespondso theirfrequeng in some
(realor fictional)world. But someauthordik e to violatereadersexpectationsntentionally With such
storiesthefactthata giveneventor planseemdik ely asfar asfrequenciesareconcernedanin itself
constituteareasorfor believing thatit will notoccurin thestory Themoregenerapointisthis: Forthe
interpretatiorof intentionalcommunicatie acts,a probabilisticmodelmustencompassariableshat
characterizaspect®f thecommunicatiorsituation,suchasthemotivationof thecommunicatorsThe
applicationof Bayesiamrmethodgthoughnot specificallyBNs) to variablesof this typeis illustrated
by contributionsof RaskuttiandZukerman(1991)andKipperandJamesor{1994).

2.11. OFFLINE BAYESIAN ANALYSIS FOR PLAN RECOGNITION

Another approachto plan recognitionthat makes use of BNs is that of van Beek (1996). Unlike
PynadatrandWellman (1995),Huberet al. (1994),and Charniakand Goldman(1993),he doesnot
shov how BNs canbeusedon-lineto performplanrecognitioninferencesn specificcaseslnsteadhe
offersatheoreticalanalysis,jn termsof Bayesiarinference of severalgeneralnonprobabilistigplan
recognitionheuristicsthathave beenproposedy previousresearchergThe analysisby van Beekis
notrepresenteth Figure5, becausé doesnotconcermspecificsystem.)

For example,oneheuristicis applicableto casesuchasoneswherethe obsenedactionsof auser
U canbeexplainedthrougheitherof two assumptions:

1. U is pursuingGcoAL1; or
2. U is pursuingthetwo independengoalscoAL 2 andGoAL 3.

Theheuristicspecifieghattheformerexplanationis preferablepecausét is moreparsimonious.
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The analysisby van Beek shavs, however, thatthereare casesn which the secondexplanation
is more probable—forexample , whencoaL 1 is a goalthat peoplevery rarely pursuewhereassoaL 2
andcoaL3 arebothfrequentlypursued A conclusionis thatthis heuristicshouldonly be appliedin
domainsn whichthesecasesareunlikely to arise.

Thereademaywonderwhy this type of Bayesiamanalysisshouldnt be performedon-line by the
systemitself, sothattherestrictionto particulardomainscanbeavoided. Theamgumentof vanBeekis
thattherearesituationsin which this approachs impractical.For example the requiredprobabilities
may be unavailable (cf. Section5.1). In suchsituations,a useful next-bestapproachis to apply a
setof carefully evaluatednonprobabilisticheuristicsasa surrogatefor on-line probabilisticanalysis.
Analogousstratgjiesare worth consideringn othersystemsn which the on-line useof BNs (or of
othernumericalapproacheto uncertaintymanagement} for somereasorimpractical.

2.12. PRACMA: NEW USESFOR BAYESIAN NETWORKSIN DIALOG

The systemsconsideredso far have madeinferenceseither aboutusers'knowledgeor abouttheir
executionof plans.The systemPRACMA (Jamesoret al., 1995; Schafer, 1994)illustratesthat BNs
are also applicablewhenthe users evaluationprocessesire of centralinterest.(FL-basedsystems
thatlikewise reasonaboutthe users evaluationsare describedn Sections4.2 and4.3.) The overall
systemsbasictaskis to presentnformationto a userwhowantsto make anevaluative judgmentabout
agivenobject(e.g.,a usedcar). It presupposessan approximationthatthe userwill evaluatethe
caraccordingto the principlesof Multi-Attrib ute Utility Theory(von Winterfeldt& Edwards,1986).
The systemhasuncertaintyaboutvirtually all of the parametershatenterinto suchanevaluation.S
is alsouncertairabout/'s knowledgeabilityandaboutthe prior beliefs(themselesmostlyuncertain)
that/ hasaboutthe objectunderdiscussionAll of thesetypesof uncertaintyare managedvithin a
dynamicallyconstructedBN.

Jamesomtal. (1995)discusshow thistypeof BN canbeusedto handleseveralgeneratasksfaced
by systemghatprovide evaluation-orienteéhformation,includingthefollowing:

1. predictinghow U will evaluatea givenobject;

2. predictinghow U will reactto informationaboutparticularaspect®f anobject;

3. interpreting{'s behavior asevidenceconcerningherevaluationcriteriaandknowledge;
4. decidingwhatinformationto elicit explicitly from/.

The third taskrequiresdiagnosticinference.The first two tasksrequire predictive inference a type
which hasplayeda minorrole in the systemanentionedso far but which will alsobe seenin thetwo
systemslescribedn the following subsections.

Thefourthtaskrequiresatypeof reasoninghathasgeneraimportancdor usermodelingsystems:
Thesystenreasonaboutthe valuethatparticulartypesof informationabouttheuser(e.g.,abouther
personatharacteristicsyvould belik ely to have for the system;pn thebasisof this assessmeng can
decidewhetherit seemavorthwhileto take stepgo acquirethis information.Pearl(1988,sectiorns.3)
givesanoverview of variousapproache® theassessmewif thevalueof information.In theapproach
takenby PRACMA, thevalueis afunctionof theexpectedextentto whichtheuncertaintyin thesystems
modelof the userwould be reducedby theinformation.Otherapproachesequirea quantificationof
theutility associateavith possibleconsequencesf S's actions.

Wheninterpretingevidencein the users behaior (the third tasklisted abose), PRACMA not only
updatesits beliefs aboutthe currentuserbut also learnsaboutpropertiesof usersin general.For
example, the systemmust inevitably begin with some assumptionabout the averageimportance
assignedo theevaluationdimensiorof “Safety” by used-cacustomersn generalpecaus®therwise
S couldmake no predictionsabouthow anunknavn customemwould evaluatea car's safetyfeatures.
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But §'s assumptions representedsalong-termnodein its BN, sothatit canbe updatedgradually)
on the basisof experiencewith users'reactions.This methodrepresents relatively simple way of
handlingone of the mostfrequentlymentionedlifficultiesin applyingBNs, namelythe difficulty of
specifyingin advanceall of the necessarprobabilities(cf. Section5.1). Themethods applicabilityis
muchmorelimited thanthatof the generallearningtechniquesnentionedn Section2.7, but it may
be usefulwhena systemonly hasto update duringactualuse,a smallnumberof key parameterghat
it needdor its BNs.

Finally, PRACMA illustratesa further possibleapproachto the problemof how to generateBNs
dynamically(cf. Sections2.3,2.4,2.7,2.9 and2.10): To predictwhat inferenced/ might make on
the basisof a given statemenby S, the systemfirst usesa modal-logic-basedepresentatiosystem
(Hustadt& Nonnengart1993)to generatgossiblenferenceghatl/ might conceivablymake. S then
usegheprooftreegproducedy themodal-logic-basedystento construcBNswhichpredictwhether
thisparticulai/ actuallyhasenougtknowledgeto makethesenference¢Jameson] 995).Thatis, BNs
areusedherein conjunctionwith a very differentnonprobabilistidormalismfor reasoningaboutthe
usersbeliefs.Like someof theotherexamplesof dynamicBN constructionthisintegrationillustrates
thatusermodelingresearchermay not have to abandortheir currentfavorite inferencetechniquesf
they wantto make useof numericattechniquedor uncertaintymanagement.

2.13. PPP. ANTICIPATING DIFFICULTIES WITH MULTIMEDIA PRESENTRTIONS

Thenext two systemsdothaddresshe samebasicproblem:How cana systenthatpresentsechnical
informationpredictwhatdifficultiesthe usermighthave in interpretingit? Thetwo systemsapproach
theproblemin quitedifferentways.

PpP is an interactve successoito the knowledge-basednultimedia presentatiorsystemWip
(Wahlsteretal.,1993). Theusermodelingcomponenbeingdevelopedoy vanMulken(1996)useBNs
to take into accounthe psychologicafactorsthatdeterminewvhether/ will understané technically
orientedmultimediapresentationi-or example,graphicalsymbolssuchasarrovs andradiatinglines
can have several differentmeaningssomeof which may be known to only a minority of users.A
numberof factorsinteractto determinewhethera user/ will understand particularuseof sucha
symbol. Theseinclude/'s familiarity with graphicalpresentationd4's knowledgeabilityaboutthe
domain thefrequenyg with whichthesymbolin questioris usedn theintendedneaningtheextentto
whichthe currentcontext suggestsomeunintendednterpretationandthe amountof time thatl/ has
availablefor the decodingof the presentationSomeindirectevidenceaboutthe waysin which these
factorsinteractis availablefrom experimentalpsychologicatesearchbut to constructcorresponding
BNsthedesignemasto fill in anumberof gaps.

BecauséPpis aninteractie presentatiosystemtheusersbehaior senesasevidenceabouthow
U reactedto particularaspectf a presentationThis evidenceis rathermeagerconsistingmainly
of menu-selectedommentsand questionge.g., “What doesthis mean?”)in casesvherelf is not
entirelysatisfiedwith apresentationT hroughupwardpropagationthesystencanlearn—graduallyat
first—abouttheusers graphicalanddomainknowledge;andalso,in thelong run, aboutthe difficulty
of thesymbolsthatthe systenmuses.

2.14. VIsTA-lll: USING BUGGY NETWORKSTO ANTICIPATE USERS INFERENCES

Horvitz and Barry (1995) addressa differenttype of difficulty that canarisewith computetbased
informationpresentationThe amountof informationavailablefor presentatiocanbeimmenseand
it may consistlargely of informationthat/ doesnot needin orderto make a decision.Especiallyif
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U is undertime pressureS shouldtry to find somesmallsubsebf the availableinformationthatwill
enablé/ to make anappropriatelecision Horvitz andBarry's approacho this problemwasdeveloped
in the context of the systemVIsTA-lll, which supportsan operatorwho is monitoringthe propulsion
systenmof the SpaceShulttle.

Oneof the mary subtaskghatis frequentlyperformedby the systemis that of predicting,given
a particularsubsetf the availableinformation,whatinference/ would make if thatsubsetf the
information were displayed.The authors'approachpresupposethat the systempossessea gold-
standad BN which is capableof making expert-level inferencesaboutthe stateof an engine.This
BN representtinks between(a) obsenablevariableglargely datafrom sensorst variouspartsof the
engine)and(b) statesf theenginethatarenotdirectly obsenable.

If thecurrentuserherselfhappenso beanexpert,thesystemhasastraightforvardway of predicting
how shewill interpreta givendisplay: It feedsthe informationcontainedn the displayinto the BN
and checksto seewhat inferencesare made.For lessknowledgeableusers,BNs designedwith the
help of experttrainersare usedwhich typically lack someof the more subtlenodesandlinks of the
gold-standardN. ThesenonexpertBNs areanalogouso theincompleteor buggy modelsoftenused
in intelligenttutoring systemgo modelstudenknowledge(cf., e.g.,Section3.4).

NotethatwhereasranMulken (1996)usesBNs to manageuncertaintyabout/, Horvitz andBarry
usethemin effectassimulationmodelsof ¢'s cognitive processesT his usepresupposethathuman
inferencewith thistypeof problemis basicallysimilarto causainferencein BNs. The questiorof the
human-lilenesof Bayesiarreasoningvill beraisedagainin Section5.5.

2.15. FURTHER TYPESOF UNCERTAINTY

Mislevy (1994) discusses numberof subtletypesof uncertaintythat can arisein the context of
educationahssessmeminddemonstratelsow they canbehandledvith BNs. Althoughtheseparticular
methodshave apparentlynot yet beenintegratedinto interactve tutoring systemsthey are good
candidatedor suchintegrationin thatthey dealwith generalrecurrentproblems.Thefollowing are
examplesf theissuesconsidered:

1. How cancontetual factors,suchasthe students chancefamiliarity with the topic of a passage
beingstudied be modeledexplicitly sothatthey don't contrilkute excessve noiseto the diagnostic
process?

PynadattandWellman(1995;cf. Section2.8above) shavedhow moreconcretecontectual factors
canbemodeled.

2. How caninferencebemadeaboutalearnerscognitionin casesvheretwo or moreentirelydifferent
approachew aproblemareavailableandit is notinitially knownwhichonethelearnelis pursuing?
Oneapproacho this questionwasmentionedn Section2.9.

3. How canhigherorderuncertaintyconcerninghemostappropriaténitial beliefsaboutanunknavn
studenbe managed?

The difficulty that BN designersoften encounterin specifyingprior probabilitiesconstitutesa
frequentlymentionedmotivation for employing DST instead(cf. Section3.1.1). Mislevy showvs
how uncertaintyaboutprior probabilitiescanbe representedndmanageaxplicitly within aBN.

2.16. CONCLUDING REMARKS ON BAYESIAN NETWORKS

The systemgeviewed in this sectionhave illustratedthat BNs can be appliedto usermodelingin
mary differentways.Variableson all of thelevelsshavn in Figures3 and5 have beenincorporated;
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predictveanddiagnostidnferencenavebea smoothlyintegrated andvariouswayshavebea explored
of constructinghe networksdynamically

Someof the dravbacksthat have beenattributed to the BN paradigmcan bestbe discussedn
the following sectionson DST andFL, sincetheseparadigmsaim to addresssomeof theseissues.
Questionsoncerninghe practicalusabilityof BNs will beconsideredn Section5.

3. SystemsThat Have Usedthe DempsterShafer Theory of Evidence

A typical casewherethe applicationof DST is oftenjudgedto be appropriatds thatof anunreliable
witness(see,e.g., Shafer& Tversky, 1985). Supposefor instance that you aska UNix consultant
aboutthe expertiseof a particularuser/. Theconsultansays‘l think | know the personyou mean;f
shestheonel havein mind, all | canremembeis thatshes not a novice user”. This evidenceis of
someuse,but it is difficult to conceve of the statemenasaneventthathada particularprobability of
beingcausedby U's expertise asin the mosttypical examplesof BNs. Also, whendealingwith this
evidence|t is somavhatunnaturakto updatedirectly your assessmermf thelikelihoodthati/ is, say
anintermediate-leel user aswasdonewith the BN depictedn Figurel, becausehe consultansaid
nothingaboutthatspecificlevel.

To continuethe example,you might aska secondconsultantvho hedgedhis answerin the same
way, expressinghejudgmenthati/ was“an intermediater expertuser”;andathird consultanmight
offer thecontradictoryrecollectionthatl/ was“a novice or abeginner”.It is notobviouswhatto make
of this setof statementsandDST offerssomesubtlemethods.

An unreliablewitnessin the literal sensemay appearlin a usermodelingcontext whenthe user
(or anothemperson suchasa teacher)s askedto provide informationaboutthe user This especially
naturalapplicationof DST hasapparentlynotyetbeenattemptedhowever. Insteadtheevidenceused
by thefour systemghatwill bereviewedin this sectionconsistof obsenableuseractions.Theway
in which suchevidencecanbe handledlike the reportsof a withesscanbe illustratedwith the first
example,whichis basedn anadaptve testingsystemdescribedy Petrushirand Sinitsa(1993)and
by Petrushiretal. (1995)/

3.1. SOPHISTICATED PROCESSINGOF SIMPLE OBSER/ATIONS

Like the simple BN shown in Figurel, Figure 7's systemdistinguishedour levels of expertise,
labeledherefor corveniencewith theintegersl (Novice), 2, 3, and4 (ExPERT). But evidencein the
students behaior is notlinked only to thesefour hypothesegboutl/; it is linkedto all 10 subset®of
contiguoudevels, eachof which is associateavith a histogramin Figure7A. Within DST, evidence
could alsobe treatedas supportinga noncontiguousetof hypothesesuchas{1, 3}. But the nature
of the evidenceavailableto the examplesystemensureghatthis will never be necessarylherefore,
noncontiguousubsetsrenot takeninto accounby this system.

As before,the threedifficulty levels sivpLE, MUNDANE, andcompLEX aredistinguishedA pieceof
evidence(e.g. thefactthati/ knowsthesimpLE conceptmore”) is in effecttreatedik e a statemenby
anunreliablewitness:Thewitnessis 70% surethat{'s level belongsto the set{2, 3, 4} of levelson
whichknowledgeof asimpLE concepis likely; butthereis a 30%chancehatthewithesshasthewrong

" A moreformalintroductionof thecentralconcept®f DSTis givenin thisissueby Bauer(1995,sectiorb). A longerbut
still accessibléntroductionis providedby GordonandShortliffe (1984).Several of the paperscollectedby ShaferandPearl
(1990)provide furthertechnicalbackgroundand/orexamplesof applicationsPearl(1988,sectior®.1) offersa challenging
alternatve perspectie on DST. Yageret al. (1994)presenta collectionof articlesthatdescriberecentadwvancesin research
onDST.
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A.. Atter observation of knowledge
of simple concept "MORE",
suggesting {2, 3, 4}

B. Atter observation of knowledge
of mundane concept "RWHO",
suggesting {3, 4}

C. After observation of lack of knowledge
of mundane concept "FG",
suggesting {1, 2}:
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Figure7. Processingvith DST of evidenceconcerningausers expertiselevel (cf. Section3.1).
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persorin mind,in whichcasewe know only thati{'s level belonggo {1, 2, 3,4}. More preciselyeach
instanceof knowledgeor lack of knowledgeis associatesvith anassignmenof beliefmas$§ to oneor
moreof thehypothesisubsetsthetotal amountof belief massfor all subsetdeingl.0.In thepresent
example,amassof .7 is assignedo the setof expertiselevelswith which the evidenceis compatible,
while .3 is assignedo theset{1, 2, 3, 4} of all levels. Thedarkestbarsin the histogramsn Figure7A
illustratethis assignmendf belief masgo thetwo relevantsetsof hypotheseaftertheobsenationthat
U knowsmore’. Thefigurealsoillustratestwo furtherbasicDST concepts:

1. Thetotalbelief associatedith ahypothesisetH (representelly thelight graybarfor H) includes
notonly the belief massspecificto H but alsothe sumof themasse®f all of thesubset®f H.
Thisindex representthe extentto which § shouldbelieve thati/'s level is oneof thelevelsin H.

2. Theplausibility of a hypothesiset H (representetly thewhite barassociateavith A) is thesum
of thebelief masse®f all hypothesisetsthathave atleastonehypothesish commonwith H.
This index reflectsthe extentto which U's level might be within H accordingto the evidence
processedofar.

In Figure7B, S hasjust determinedhati/ knows the MunDANE conceptrwHoO". This evidenceis
combinedwith the previous evidencethroughan applicationof Dempsters rule of combination(see,
e.g.,Bauer,1995,sectiorb). This rule playsarole analogoudo thatof Bayes'rule within BNs. The
resultis intuitively plausible:lt seemsjuitelikely thati/ belongsto oneof thelevelsin theset{3, 4},
but thereis asyet noreasorto believe specificallythatshebelongsto Level 3; andthe sames true of
Level4 (cf. theabsencef ary beliefassociatewvith {3} orwith {4}, althoughbothhypothesisetsare
consideredully plausible) Whenthethird pieceof evidencehaslik ewisebeenintegrated(Figure7C),
thebeliefmovesfarthertowardthespecifichypothesisets.S now for thefirsttime assigndeliefmass
to asingletonhypothesiset,{2}.

3.1.1. Comparisorwith BayesiarNetworks

EventhissimpleexampleillustratessomecharateristicdifferencebetwaeenDST and theBN approah.

1. Notethatthesystendid notstartwith any apriori beliefabout/'s expertiselevel: Figure7 reflects
solelythe evidenceobtainedfrom obsenations.By contrast,in Figure 1 the nodeuNix EXPERTISE
or u hadto beinitialized with someprior belief. Oftenthis is unproblematicbut for example,if a
tutoringsystenis beingdeployedfor thefirsttimein anew schoolwith adifferenttypeof pupil than
before theremaybe no way of obtaininga meaningfulprior distribution. In aBN, suchcasesare
oftenhandledhroughtheassignmendf equalprior probabilitiesto all hypothesedyut asadwocates
of DST pointout, thismethoddoesnotadequatelgistinguishbetweera stateof ignoranceabouta
variableanda genuinebeliefthatall of its valuesareequallyprobablelt alsomeanghatvaluable
obsenationalevidencemayendup beingcombinedwith largely arbitraryprior assumptions.

2. Assigninga particularbelief massto a setof hypothesess sometimes naturalway of expressing
thefactthatapieceof evidencein no way discriminatesamongthe memberof thatset.

3. Basinga decisionon the resultsof the analysisin this exampleis morecomplec thanit is when
a BN is involved; this featurecanbe viewed as eitheran advantageor a disadantage Suppose,
for example,thatthe systemat somepoint hasto judgewhetheri/ belongsto Level2. (Sincethe
original systemis anadaptve testingsystemjt hasto make this type of decisionin orderto know
whenit canstop presentingtemsto the student.)With a BN, eachhypothesids associatedvith
a single probability With DST, for eachhypothesissettherearethreedifferentmeasure®f the

8 This assignments often calleda basicprobability assignmentbut this termwill not be usedhere,asit mightleadto
confusionwith the probabilitiesusedin BNs.
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extentto which it is compatiblewith the evidence(two of which—thebelief massandthe total
belief—arealways equalfor singletonhypothesissets).The designercan chooseamongvarious
possibledecisioncriteria,takinginto accounthe contect in whichthedecisionsareto bemade For
example thecriteriausedby Petrushiretal. (1995)for decidingwhetheil/ belongssay to Level2
actuallydo not referto the measuresissociateavith the singletonsubset{2} but ratherto those
associatedvith thesubsetg2, 3,4} and{3, 4}. A moredetaileddiscussiorof thedecision-making
problem with aworkedexample,is providedby Bauer(1995,sectiorB).

4. Theexamplesystendoesnot provide awayto make predictionsaboutl/'s knowledgeor behaior;
it is designedo supportdiagnosticdnference.Yet the BNs reviewedin Section2 have shavn that
predictive inferenceis oftenusefulin ausermodelingsystem.

3.1.2. Slketc of an AlternativeTreatment

Thefourth point just mentioneds symptomaticof a moregeneraldifferencebetweerDST andBNs:
The basicDST theory provides a way of combiningpiecesof evidenceabouta single variable; it
doesnot dealwith the propagatiorof beliefsaboutone variableto beliefs aboutrelatedvariables.
A numberof researcherbave, however, worked on extensionsof DST to the processingof belief
networks? Within theseextensionsthetypeof propagatiorusedin BNs actuallyemegesasaspecial
case .Thesemethodsdesere the attentionof usermodelingresearchera/ho find DST appealingout
whodonotwantto dowithouttheability to dealwith networkssuchasthoseof thesystemslescribed
in Section2.

If this type of approachis appliedto the first part of our example,the systemmaintainsbeliefs
not only aboutthe variableunix EXPERTISE OF u« but alsoaboutpiFFICULTY OF “MORE” and KNOWLEDGE
BY u OF “MORE". In addition,S hasa belief aboutthe relationshipamongthesethreevariableswhich
correspondso the conditionalprobabilitytableunderlyingtheinferenceshavn in Figure1.1° When
S obtainsinformationaboutoneof the variablesjts new belief aboutthatvariablein turn affectsthe
othertwo beliefs;the propagatiommethodmakes useof Dempsters rule of combinationalbeitin a
more comple way thanthe procedurdllustratedabove. In short,basicallythe samepredictve and
diagnostidnferencexanbemadeasweremadein theBN of Figuresl and2. For instanceS cannow
predictwhether/ knows aconceptgevenif S is uncertainaboutthatconcepts difficulty.

Like theexamplesystemthethreeotherDST systemgo bereviewedin therestof this sectiondo
not useDST belief network techniquesThis factis reflectedin the relatively smallnumberof solid
arronsin theoverview in Figure8.

3.2. JUDICIOUSLY SELECTING DEFAULT PLAN ASCRIPTIONS

Carberry(1990)introducedDST to usermodelingwith hermethodfor the default ascriptionof goals
in aplanrecognitionsystem.Theexampledomainis studentconsulting.The problemis to determine,
givenaknown goalof ¢, which higherlevel goall/ is likely to be pursuing DST is usedto quantify
the extentto which a given goal suggests particularhigherlevel goal. For example,Tablel shavs
the belief massassignmentor the pieceof evidencethatl/ wantsto earncreditin the courseM370.
It expresseghe belief that this mathematicgoursepoints quite strongly to a goal of majoringin
Math andmuchlessstronglyto the goalset{ Math major, ComputerSciencemajor}. Roughlysimilar

° Sheng (1994)andDempsterandKong (1988)offer largely theoreticalkexpositions while Zarley etal. (1988)describe
animplementatiorthatsupportgheinteractve graphicalspecificatiorof DST-basedelief networks.
10 | ike the beliefs aboutthe individual variables,this belief is representedby an assignmenbf belief mass;but each
hypothesishow correspond$o oneof the 24 possiblecombination®f valuesof theindividual variables.
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PHI
Assessment of Plan recognition Recognition of e-mail Identification of
UNIX expertise in consultation dialogs users’ plans subtraction bugs
Section 3.1 Section 3.2 Section 3.3 Section 3.4
(Petrushin & Sinitsa, 1993)  (Carberry, 1990) (Bauer, 1995) (Tokuda & Fukuda, 1993)
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Figure8. Systemshathave usedDST for useror studentmodeling(cf. Figure3 andAppendixA).

links couldbequantifiedwithin a Bayesiarframework throughtheassignmenof differentconditional
probabilitiesof takingM370 givendifferentmajors(high for Math majors,low for ComputerScience
majors,andvery low for all othermajors).The questionarisesthen,underwhat circumstanceshe

DST belief massassignmenimight be morenaturalor realistic. A casecorrespondingo the typical

caseof anunreliablewitnessoccursif the advisorcannotquite remembemwhatmajorsM370is open
to: Sheis 85% sureit's openonly to Math majors,but sheallows a 12% chancehatit's opento both

Math and ComputerSciencemajorsanda 3% chancethatary studentcantake the course Carberry
doesnotaddressheissueof thespecificappropriatenesst DST on this level.

Whenseveralobsenationsareavailablethatconstituteavidenceconcerning/'s goal,theevidence
is integratedwith Dempsters rule of combinationasin Figure?7.

Giventheevidencefor theascriptionof a givengoal,the systemmustdecidewhetherthe evidence
is strongenoughto warrantascribingthe goalto /. The systems criterionis that

1. thegoalmusthave a plausibility exceedingsomethresholdhere:.9); and
2. this plausibility mustexceedthat of the next-most-plausiblgoalby somethreshold here:.7).

After the singleobsenrationreflectedin Tablel, thesecriteriaarefulfilled by the goal of majoringin
Math.

Thepurposeof theseconctriterionis evidentlyto ensurghatagoalis notascribedsimply because
thereis no evidencethatspeaksgainstit. A morestraightforvardway of formulatingthis criterionin
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Tablel. A Useof DSTto Proces€videnceAboutaUsers Goals

Belief Total Plausi-
Setof PossibleGoals Mass Belief bility
{Math major} .85 .85 1.00
{ComputeiSciencemajor} .00 .00 15
{Math major, ComputerSciencemajor} 12 .97 1.00
{[All possiblegoals]} .03 1.00 1.00

Note Adaptedfrom part of Figure2 of Carberry(1990). The assignmenbf belief massconstitutesthe systems
interpretatiorof thefactthatthe userwantsto earncreditin the courseM370.

termsof DST conceptavould beto requirethatthe beliefassociateavith thegoal,which summarizes
the strengthof the evidencefavoring that goal, mustexceedsomethreshold(cf. the secondcolumn
from theright in Tablel). Theremay be differentargumentdor differentcriteria; but in ary caseas
was seenin the previous subsectionDST doessupply a relatively differentiateddescriptionof the
availableevidence which maymale it easierfor a designeto chooseanappropriateriterion.

Carberrys systemalsodepartsrom the straightforvard useof DST in amoreradicalway: Oncea
goalg hasbeententatvely ascribedo 4, it is in turn usedasevidencefor the purposeof ascribingstill
higherlevel goals;but the uncertaintyunderlyingthe ascriptionof G is not propagatedipward, asit
couldbewith the propagatiormethodssketchedn Section3.1.2.Instead G is treatedasif it couldbe
ascribedwith certainty Carberrys justificationfor this proceduredoesnot concernthe computational
costthat would be associatedvith propagationRather it is basedon psychologicalevidencethat
people,when performingmultistageinferencessimilarly refrain from propagatingincertaintyfrom
onestageto thenext. Thereasornwhy this considerations relevantis thatthe systemcanpresumably
explainits reasonindo theusermoreeasilyif thisreasoningesemblesiumanreasoningThepriceto
bepaidfor thispossiblancreasean explainabilityis, of coursefhatthesystemsreasoninganonly be
justifiedlocally in termsof DST; the confidencewvith whichthesystemcanascribea goalonthebasis
of asequencef inferencesnvolving atleasttwo goalscannotbe determinedhroughanapplication
of DST principles.This partial abandonmenof a formal framewvork with a view to enhancingthe
human-lilenesf reasoningvill be seento a greaterextentin the systemshatusesomeform of FL
(Sectiord). Its consequencesill beconsideredn Sections.5and5.6.

3.3. PHI: COMBINING EVIDENCE FROM THE PAST AND THE PRESENT

Theplanrecognitionsystemof Bauer(1995,in thisissue)is a partof theintelligenthelpsystemPHi.
It processesvidenceaboutplansthatan e-mailusermay be pursuing.Bauerdistinguishedetween
basic plansand abstact plans eachof the abstractplansmay be realizedby one of variousbasic
plans.This abstractiorhierarchymeanghatthereexist naturalsubsetof plans—thosevhich realize
thesameabstracplan—aboutvhichevidencecanbeobtainedRecallthatin Carberrys (1990)system
it wasnot obvious how an obsenation could suggesthat?/ hadone of the two goals {Math major,
ComputerSciencemajor}; it is abit easielto seehow anobsenationmight suggesthati/ is pursuing
the abstraciplan of storingmessagewithout suggestingvhetherl/ intendsto sase themor to write
them. (Similarly, naturallyoccurringhierarchieof disease$ave constitutedone of the motivations
for applyingDST to medicaldiagnosis—cfGordon& Shortliffe, 1984.)
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3.3.1. ADSTTreatmenof InformationfromPreviousSessions

Becausdauer(1995)usesDST consistentlythroughoutis planrecognitioncomponenthefaceshe
challengeof applyingit to problemsfor whichit is notobviously applicable An exampleis the useof
U'sbehaior in previoussessiongssevidenceaboutwhatplanssheis pursuingin the currentsession.
Ontheonehand,jt makessensdo try to make use for example of thefactthatin thesessionsbsened
sofari/ wasmainly occupiedwith thedeletingof e-mailmessagest thenumberof sessionfiasbeen
large,theseobsenationscanbeassumedo reflectstabledispositionof i/, soit is reasonabléhatthey
shoulddeterminghesystemsinitial beliefaboui{'sbehaior in thenext sessionasthey doin Bauers
systemButif thenumberof sessionsofarhasbeensmall(e.qg.,2), thesystemmustbe uncertairasto
how well U's deletingtendeng will extrapolateinto the future (e.g.,the extentto which it may have
beenduesofarto situationalfactorssuchashaving exceededhedisk quota).

It is notobvioushow this type of uncertaintycanbestbe handledwith thebasicDST principlesfor
processingvidence.On the otherhand,thereis a fairly naturalsolutionin termsof a belief network
of relatedvariablegrealizablewith BNs or with the extensionof DST sketchedn Section3.1.2):The
systemcan maintainbeliefsaboutvariousdimensionalariablessuchas INTEREST IN WRITING E-MAIL
andTENDENCY TO DELETE E-MAIL MESSAGES. The systems beliefsaboutthesevariablescanbe updated
onthebasisof U'sbehaior from onesessiono thenext, andthey will becomemoreandmoredefinite.
They will thereforehavelittle impactontheinterpretatiorof U's behaior in earliersessionshut their
influencewill increasewith eachsession.

Baueressentiallyapproximateshe behavior of sucha network by introducingasthefirst session
of a new usera fictitious sessiorin which the systemwasunableto make ary inferenceat all asto
what plansthe userwas executing.The effect of this fictitious sessioris to ensurethat S will have
lessdefiniteexpectationsaboutwhati/ will do duringthe earlyrealsessionsAs moreandmorereal
sessionareobsered,theimpactof thefictitious sessiordeclinesin this way, the desirablanference
behaior sketchedabove is approximated—ut in a ratherarbitraryway, onewhich is not justifiable
in termsof the principlesof DST. For example why notintroducetwo suchfictitious sessionsnstead
of justone?Thatwould make the systemeven more cautiousaboutextrapolatingon the basisof ¢'s
previousbehavior; but how cautiousshouldS be?

To be sure,thereis also no automaticanswerto this last questionif a belief network is used
assketchedabove. In that context, the questionconcernghe exactrelationshipbetweenthe general
dimensionalariablesandi/' s choiceof plansin aconcretesituation:S couldpresupposeitherahigh
or a low degreeof predictability of /'s plans.But within the belief network conceptualizationthe
guestionat leastconcernghe detailsof a partof the modelthatis constructedvithin thetheory

3.3.2. AnAlternativeMachineLearningTreatment

In arecentextensionof his systemBauer(1996)introducesa moredifferentiatedvay of interpreting
evidencefrom the users behaior during previous sessionsThe systemno longerjust recordsthe
overall frequencieswith which particularplanswere identified. Instead,S also notesthe specific
situationin which a plan was beingexecutedon eachoccasionln this way, S canform hypotheses
abouthow thechoserplandepend®nthesituation.For theformationof thesehypotheseghe system
emplgysmachindearningtechniquesk-or example it usedD3 (Quinlan,1983)to constructidecision
treewhich relatesfeaturesof situationsto typical behaiors of the currentuserin thosesituations.So
now the systenmno longerhasto usesimplerulessuchas

> WhenU/ is readingamessagén a context consistentvith the hypothesighatsheplansto store
it, assigna belief massof .8 to this hypothesis.
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Instead,S hasa muchlarger numberof ruleslike the following one,which referto attributesof the
situation:

> Whenl/ is readinga messagdrom a colleagueandthe messages at least50 lineslong, . ..
assigna beliefmassof .8 to the hypothesighati/ plansto storethemessage.

Onecomplicationwith theprevious,simplerapproachs inheritedby this extension:Thereliability
of theevidencederivedfrom previous sessionfiasto be assessedror example,the number.8 might
be basedon the occurrenceof 4 positive casesamong5 obsenationsor on the occurrenceof 80
positive casesamong100 obsenations.Bauers methodin effect treatsthe resultsof the machine
learningprocedurdike the testimory of anunreliablewitness,assuminga particularlik elihoodthat
its predictionsareinvalid. This likelihood decreaseasthe numberof obsenationsthatthe machine
learningprocedurdhasmadeuseof increasesyutit is uncleawhethetthereis atheoreticallyjustifiable
way of determininghisrelationshipIn otherwords,the originalissueof how mary fictitious sessions
shouldbeintroducednow reappeari the form of the questionof how thereliability of the machine
learningresultsshouldbe quantified.

The use of machinelearningin this context doeshave advantageshowever. 1t would be more
difficult to discover highly specific regularitiesin the users behaior with the normal evidence-
evaluationmethod=f DST (or BNsor FL); machindearningtechniquesirein generabetterequipped
to deal efficiently with the large numberof potentialregularitiesthat have to be consideredSo an
importantissueis: How canmachineearningtechniquede integratedwith uncertaintymanagement
techniguesn sucha way that the uncertaintyassociatedvith the resultsof the machinelearningis
takeninto accountin a principledmanner?This issueis especiallyimportantin the contet of user
modeling,becausén this context theamountof datathata machindearningtechniquecanmake use
of is often small. To date,successfubpplicationsof machinelearningtechniquegso usermodeling
tasks(see.e.g.,Maes,1994;Orwant, 1995;Sheth& Maes,1993)have typically involved contetsin
whichalargenumberof obsenationsof userbehaior have beenavailable. Theintegrationof machine
learninganduncertaintymanagemertechniquesasreceved moreattentionin connectiorwith BNs
andFL (seeSection.7,5.1,and5.3)thanin connectiorwith DST.

3.4. COMBATTING THE MULTIPLICATION OF BUG SUBSETS

DST dealswith setsof hypotheseswhich areof coursemorenumeroughanindividual hypotheses.
This propertycanlead to seriousproblemsof computationakompleity in casessuchasthe one
addressedby Tokudaand Fukuda(1993): A student/ solving subtractionproblemsis assumedo
possessxactly oneof a setof 36 known incorrectsubtractiorrules,or bugs Giventhe answerof
to aseriesof problemshow canS determinevhich bugi/ possesses?

A straightforvard applicationof DST methoddo this problemcanbe sketchedwith somesimpli-
fication)asfollows: Whenl/ givesanincorrectanswerA to a problemP, assigna certainamountof
beliefmassto the subsebf bugsthatwould yield exactly theanswerA to P; whenthe next incorrect
answelis obsened,applythe samerule andcombinetheresultsby applyingDempsters rule of com-
bination; continueuntil the belief associatedavith somesingletonhypothesisetcontainingonebug
hasbecomesuficiently strong!t

A problemwith this approactis thatthereare23® — 1 nonemptysubset®f the setof 36 bugs.To
besure,only a smallproportionof thesesubsetsvould ever have ary belief massassignedo themby

11 This sketchis simplifiedin thatthe systemshouldalsointerpretl{'s correctandincorrectanswersasevidenceagainst
U's possessionf bugswhichwould leadto differentanswers.
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the procedurgust sketched;but eventhesecould becomeimpracticalto procesdf morethana few
obsenationswereconsidered.

TokudaandFukudaadopta computationallysimplerprocedurefollowing anapproachappliedin
someprevious applicationsof DST (e.g.,by Gordon& Shortliffe, 1984). They divide the 36 bugs
into 3 basicclassessuchthat the bugswithin eachclassproduceincorrectanswerson a particular
type of problem(e.g.,problemsthatrequireborronving acrossmorethanonecolumn).Wheni/ gives
anincorrectanswerA to a problem?P, belief massis assignedo the following bug subsetsamong
others:

=« the basicclassof bugsthatwould produceincorrectanswerson P (not necessarilfthe specific
answerA); and
« eachof the singletonhypothesisubsetsvhosebug would produceexactly theanswer4 onP.

Theauthorcomparehreevariantsof thisprocedureall of whichratemuchbetterthanthestraightfor
warduseof DST in termsof their computationatompleity. Moreover, whenthe procedures applied
to artificial setsof answergyeneratedby buggymodels;t succeed identifying theunderlyingbugs.
On the otherhand,the belief massassignmentshat the procedureprescribesarein generalnot the
sameastheoneghatwould bedictatedby theunderlyinglogic of DST. For instancewhenanincorrect
answercould have beencausedy ary of seseralbugs,thereis noreasorto assigrbelief massto ary
singletonsubsetontainingjust one of thesebugs. This departurérom the basiclogic of DST could
be moreproblematidf the procedurenvereappliedunderlessidealizedcircumstances—fanstance,
wherethedatacamefrom realstudentsvhoinconsistenthappliedvaryingnumberof buggyrules.

3.5. CONCLUDING REMARKS ON DEMPSTERSHAFER THEORY

The systemsexaminedin this sectionhave illustratedseveral propertiesof a possibleusermodeling
applicationwhichsuggesthattheuseof DST shouldbeconsideredThesepropertiesio not, however,
constitutenecessaryr sufficient conditionsfor the selectionof DST, andin factnoneof the systems
describedn this sectionexhibit all of them.

1. Thetotal setof hypothese$asa structurethat makesit possibleto restrictattentionto a limited
numberof hypothesisubsets.

2. For at leastsomeof the variablesaboutwhich inferencesare to be made,it doesnot appear
meaningfulto specifyprior probabilities.

3. Therelationshipdbetweerhypotheseandevidencecannotnaturallybe conceptualizeds causal
relationships.

4. Whenthe systenmakesdecisiononthebasisof its inferencesits decisioncriteriacanmake good
useof conceptsuchasthoseof the strengthof beliefin a hypothesisubsetindthe plausibility of
ahypothesisubset.

5. Theemphasigs to be onthe accurataepresentationf subtlerelationshipbetweerevidenceand
hypothesesatherthanon the constructionof large networks of variableswhich exhibit basically
straightforvardrelationships.

Furtherconsiderationsvill bediscussedh Section5.

Thenumberf usermodelingsystemshathave usedSTis muchsmallerthanthenumbetthathave
usedBNs, anda roughlysimilar relationshipis foundin the total amountsf researcldevotedto the
developmenbf thesdwo approachet® uncertaintymanagemeni hereforepysemodelingresearchers
who adoptDST in thenearfuturewill have to berelatvely independenandenterprising.
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4. SystemsThat Have UsedConceptsfrom Fuzzy Logic

The term fuzzylogic is usedin varioussensessomebroaderthanothers(cf., e.g.,Zadeh,1994). 1t
will beusedherein a broadsensehatencompassemy systenthatmakesuseof oneor moretypical
conceptsuchasthoseof alinguistic variable, afuzzyset or afuzzyif-thenrule.?

Thekey concepof afuzzysetwasintroducedasaway of dealingwith theimprecisionprvagueness,
thatis typical of naturalconceptsAlthoughdegreesof setmembershimresometimesonfusedwith
measure®f uncertainty theseare in fact quite different things. On the other hand, a variety of
conceptandtechnigueglevelopedwithin the tradition of FL have beenusedfor the managementf
uncertainty for examplein expert systemstheseinclude possibilitytheory (see,e.g.,Zadeh,1981)
andtheadaptatiorof probabilitytheoryandDST to the useof impreciselyspecifiedprobabilitiesand
degreesof belief (e.g.,by Lamata& Moral, 1994).

With regardto uncertaintymanagemenin usermodeling,the appealof FL appeardo be based
mainly on two quite differentconsiderations:

1. Peopleoftenreasornn termsof vagueconepswhendealingwith situationgn whichthey experience
uncertainty Considey for instancethe statement‘This studentis quite advancedso he oughtto
be ableto handlethis taskfairly well’. The vagueconceptgeflectthe spealer's uncertaintyabout
how adwancedthe studentis andwhat his chancesre of beingableto handlethe taskwith arny
particulardegree of successMarny systemshasedon FL take advantageof FL's techniquedor
representin@gndreasoningvith vagueconceptd4o mimic this humanstyle of reasoninglf a user
modelingsystemadoptghis approachits reasoningnaybeespeciallyeasyfor designerandusers
to understanénd/orto modify.

2. When userssupply explicit information aboutthemseles to a system,they may expressthis
informationvaguely(e.g.,‘l don't know verymuchaboutheWorld-Wide Web")—perhap®ecause
they themselesdo not have preciseknowledge,or perhapsecausehey arefor somereasomot
motivatedor ableto expresstheir knowledgeprecisely In ary case the users vaguenesteadsto
uncertaintyin the system asthe systemcannotin generalinfer an exactvalue.The conceptsand
technique®f FL do not provide the only possibleanswergo the questionof how suchuncertainty
shouldberepresentedndprocessedyut they canform usefulpartsof a solutionevenwhenother
uncertaintymanagemertechniquesreusedaswell.

4.1. KNOME: SUBSTITUTING FUZzY RULES FOR THE LAWS OF PROBABILITY

Thefirst examplewill concerrtheproblemthatwasanalyzedn Section®2.1and3.1:thatof updating
anexpertiseestimateon the basisof evidencethatparticularconceptsaareknown or notknown. These
previousanalyseshavedthatthisproblemlendsitself quitewell to treatmentvith relatively traditional
approaches—anthereforedoesnot satisfya criterionthatis oftenappliedto motivatethe useof FL.
But a basicallyfuzzy treatmentvasworkedout in the mid-19805 by Chin (see.e.g.,Chin, 1989)for
KNOME, the usermodelingcomponenbf the UNIX CONSULTANT.

As isillustratedin Figure9A, KNOME representsik elihoodsandlikelihoodchangesn termsof a
linguistic variable with 9 discretevalues!® Four levels of userexpertisearedistinguishedasin the
previoustreatment®f the example,aswell asthreelevels of difficulty for conceptsThereis alsoa

12 Usefulcollectionsof papersn this areaincludethosecompiledby Duboisetal. (1993)andby YagerandZadeh(1992).
Widely usedmonographincludethoseby Kosko (1992)andby Cox (1994).TherelationshipbetweerfFL andotherartificial
intelligencetechniquess the subjectof lively debaten a specialissueof IEEE Expertthatincludesa controversialpaperby
Elkan (1994)togethemwith anumberof critical replies.

13 Chin usesthe same9 labelsfor likelihoodsandlik elihoodchangesFor clarity, in the presentiscussiorthe secondset
of labelsshavn in Figure9A will beusedfor likelihoodchanges.
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Very Somewhat Somewhat Very
False unlikely Unlikely unlikely  Uncertain likely Likely likely True
| -4 -3 -2 -1 0 +1 +2 +3 +4
Impos- Much More Somewhat Equally Somewhat More Much Certain
sible more unlikely more likely more likely more
unlikely unlikely likely likely
B. Prediction rules
UNIX EXPERTISE DIFFICULTY OF CONCEPT
OF USER SIMPLE MUNDANE COMPLEX ESOTERIC
EXPERT True True Likely Uncertain
INTERMEDIATE True Likely Unlikely Uncertain
BEGINNER Likely Unlikely False Uncertain
NOVICE Unlikely False False False
C. Updating rules for presence of knowledge
UNIX EXPERTISE DIFFICULTY OF CONCEPT
OF USER SIMPLE MUNDANE COMPLEX ESOTERIC
Somewhat
EXPERT More likely More likely more likely Equally likely
Somewhat Somewhat
INTERMEDIATE More likely more likely more unlikely Equally likely
Somewhat Somewhat
BEGINNER more likely more unlikely Impossible Equally likely
Somewhat
NOVICE more unlikely Impossible Impossible Impossible
D. Updating rules for lack of knowledge
UNIX EXPERTISE DIFFICULTY OF CONCEPT
OF USER SIMPLE MUNDANE COMPLEX ESOTERIC
Somewhat
EXPERT Impossible Impossible more unlikely Equally likely
Somewhat Somewhat
INTERMEDIATE Impossible more unlikely more likely Equally likely
Somewhat Somewhat
BEGINNER more unlikely more likely More likely Equally likely
Somewhat Somewhat
NOVICE more likely More likely More likely more likely

Figure9. KNOME'srulesfor predictingandinterpretingausers(lackof) knowvledgeof UNix conceptgcf. Sectiord. 1).
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fourth cateyory, esoteric, whichdoesnotreallyrepresenadifficulty level, in thatknowledgeof these
conceptds by definition hardto predicton the basisof the users expertise.Figure 9B summarizes
whatareactually16 fuzzyif-thenruleslik e thefollowing one:

> IF U iS @BEGINNER AND theconcep(C is sIMPLE,
THEN it is LIKELY that!/ knowsC.

Theserulesexpresghe sametype of assumptiorasthe conditionalprobabilitytableof the BN shavn

in Figures1 and 2. One amgumentfor usingthe fuzzy versionsis that precise reliable conditional
probabilitiesareunlikely to beavailableandthatit is bestto represenéxplicitly thesystemsimprecise
knowledgeof therelationshipamongthesethreevariables.

The systemis at mosttimesuncertainaboutl{'s expertiselevel. The top of Figure 10 shavs how,
even beforeS makes ary obsenations,eachlevel is associatedvith somevalue of the linguistic
likelihood variable.This representationf a belief is similar to the BN representatioin termsof a
probabilitydistribution (cf. the histogranfor the nodeunix ExPERTISE OF u in Figurel).

4.1.1. Predictivelnference

Predictingwhether/ knows a given conceptis straightforvard if S hasdefinite beliefsaboutboth
U's expertiseand the concepts difficulty; in this case,only one of the rulesin the predictiontable
(Figure9B) is applicablelf, onthe otherhand,KNoME still hasanindefinitebelief aboutl/ like the
oneshowvn atthetop of Figure10, S basests predictiononthelevel with the highestiikelihood(here:
BEGINNER). Thatis, it doesnot take into accounthe likelihoodsassociatedvith the otherlevels;this
would requiresomeway of combiningthe predictionamadefor thelevelsto whichi/ mightbelong,as
is donewith downwardpropagatiorin BNs. Many systemsasedn FL doin factapplyinterpolation
technigue$n suchcasegcf. Sectiord.1.3belav). KNOME's methodcouldbeextendedn thisway, but
this extensionwould requirethe introductionof explicit membeship functionsfor the variousfuzzy
conceptsnvolved,aswell asa morecomplex mechanisnfor applyingthefuzzy rules.

4.1.2. Diagnosticlnference

To interpretobsenationsconcerningparticularconceptshati/ knows or doesnotknow, KNOME in
effectusesthetwo furthertablesof fuzzy ruleslabeledC andD in Figure9. Thefirst entryin TableC
correspond$o thefollowing if-thenrule:

> IF theconcep( is siMpLE AND U knowsC,
THEN it NOW SeemMSVoRE LIKELY thatl{ iS anEXPERT.

Thetermmore likely refersto alikelihoodchangerelative to the currentlyassumedik elihoodthati/
is anexpert. Thecurrentlikelihoodandthelikelihoodchangeareto becombinedadditively according
to thescaleshovn in Figure9A. For example,if S currentlyconsiderst to be uncerTain (0) whether
U is anexpert,the factthatthis classificatiorhasjust becomevore LIkELY (+2) meanghatS should
now considelit LIKELY (+2) thatl/ is anexpert.

In a BN, the likelihoodsshavn in TablesC andD would not be representedeparatelyjnstead,
theappropriatedjustmentso S's beliefwould be computedessentiallywith anapplicationof Bayes'
rule togetherwith the conditionalprobabilitiescorrespondingo TableB. In this senseTablesC and
D representuzzy approximationf Bayes'rule asit would be appliedin this particularsituation.
Thequestiorariseshow well cansuchanapproximatiorwork? Figure10 givesanexample.Thefirst
updatingoccursafter S hasobseredthatZ/ knows the conceptmore’. As in Figure2, S becomes
slightly moreoptimisticabout/' s expertise Similarly, afteri/ is obseredto know asecondconcepts
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Expertise Likelihood o

Level Change Likelihood
Before observations:

EXPERT Uncertain
INTERMEDIATE Uncertain
BEGINNER Somewhat likely
NOVICE Uncertain
After observation of knowledge

of simple concept "MORE":

EXPERT More likely Likely
INTERMEDIATE More likely Likely
BEGINNER Somewhat more likely Likely

NOVICE Somewhat more unlikely Somewhat unlikely

After observation of knowledge
of mundane concept "RWHO":

EXPERT More likely True

INTERMEDIATE Somewhat more likely Very likely — False
BEGINNER Somewhat more unlikely Somewhat likely — False
NOVICE Impossible False

After observation of lack of knowledge
of mundane concept "FG":

EXPERT Impossible True

INTERMEDIATE Somewhat more unlikely False
BEGINNER Somewhat more likely False
NOVICE More likely False

Figurel0. Updatingof anassessmeimif userexpertiseby KNOME (cf. Sectiord.1.2).

well, KNOME'sassessmelbiecomesnorepositiveagain Accordingto theupdatingules thelikelihood
of thelevel exrerT now reacheshe maximumvalueof True. KNOME's procedurespecifieghatwhen
this happensthe hypothesisn questiormustbeaccepte@ndthelik elihoodFalse mustbeassignedo
the otherthreehypothesesAccordingly, eventhetwo hypotheses\TERMEDIATE andBEGINNER, Which
wouldotherwisebeassociatewvith thelikelihoodsvery likely andSomewhat likely, respectiely, arefrom
now on regardedasFalse.

Now that one hypothesishasbeenacceptedno subsequenbtbsenationscan changeKNOME's
belief. SoeventheinformationthatZ/ doesnotknow themunbane conceptrc” cannolongerhave ary
effect, eventhoughthis informationwould have beensuficientin itself to falsify the hypothesighat
U IS anEXPERT.
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A systemthatemployed BNs or DST would never completelyrejecta hypothesis—suchsINTER-
MEDIATE in this example—whichhad beenquite consistentwith all of the available evidence.Such
a systemwould thereforebe able to take into accountthe relatively surprisingresult of the third
obsenation!4

4.1.3. Sletdch of an AlternativeTreatment

This example problemcould be handledin anotherway that would make more use of typical FL

conceptsNote that Chin's rules do not take into accountthe fact that impreciseconceptssuchas
EXPERT andINTERMEDIATE may overlapconsiderablyFor instanceanintermediataiseris anexpertto

a limited degree,so a statementhat appliesto an expert may alsoapply to anintermediateuserto

a limited degree.FL systemsften exploit suchrelationshipsamongconceptdo reducethe number
of rulesthatthey use,therebyachieving a type of datacompession(see,e.g.,Zadeh,1994).If this
approaclhis takento anextreme,the 12 predictionrulessummarizedn the middle threecolumnsof

TableB in Figure9 canbereplacedy thefollowing two rules:

> IF theconcep(C is EASY AND U iS anEXPERT
THEN U kNows C.

> IF C iS NOT EASY AND U/ iS NOT anEXPERT
THEN U doesNoT know C.

Similarly, exceptfor the treatmentof esoTteric conceptsgachof the TablesC andD in Figure9
couldbereplacedvy a pair of rules.Thefirst rule for TableC mightread:

> IF C iS DIFFICULT AND U kNows C
THEN U iS anEXPERT.

At first glance eachof theserulesappeargo applyto only onespecificcase But whentherules
aredefinedandinterpretedn termsof impreciseconceptstogethetthey coveranumberof casesThe
guestionof courseariseshow well canruleslike this approximatehe relationshipthatthe designer
hasin mind?The particularresultsobtainedwill dependn partonhow the conceptghatoccurin the
rules—includingheoperators\ND andnoT—aredefined(cf. Sectiord.2below). Theresultswill also
dependnwhich of thevariousprocedure$or processinduzzyif-thenrulesis applied(see g.g.,Cox,
1994,chap6; Kruseetal., 1991,sectionl0.3;Yager,1992).

Giventhe centralrole within KNoME of therulesin Figure9, it maywell be worthwhileto usea
larger numberof rulesso asto approximatehe intendedrelationshipaswell aspossible But vague
rulessuchasthe onesjust mentionedcould be usefulin caseswherethereis little informationabout
thetruerelationshipandwhereeffort cannotbe expendedo obtainmoreinformation.For example,a
systenfor recommendingnoviesmighttry to represenandmale useof adatabasef expertopinions
suchasthefollowing one:

> If youlike afast-mawing plot andyou don't mind a bit of violence,this movie mayberight for
you.

4.1.4. Comment®nthe Treatment®f the ExampleProblem

Thisintroductoryexampleillustratesgwo generapointsabout-L thatarerelevanttousemodeling:

14 Chin (1989,p. 106) notesthattheinability of KNOME to adjustits belief abouta users expertiseonceit hasaccepted
particularhypothesisould be a dravback—especiallyf a singleusers interactionwith the systemwereto lastlongerthan
is usuallythe casewith KNOME, long enoughfor I/ to learnenoughaboutUNix to adwanceto a higherexpertiselevel.
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1. Fuzzyrulessuchasthosesummarizedn Figure9 arein somewayseasyfor bothusersandsystem
designerso understandThevagueconceptxorrespondo theway peoplenaturallytalk andthink
aboutthingslike likelihoods,usercateyories,and conceptdifficulties. In fact, the naturalnes®f
KNOME's conceptandrulesmaybeonereasorwhy its methodis oneof the mostwidely citedand
reproducegroposalsn the usermodelingliterature.

2. Suchproceduresrerelatively easyto fine-tunein arbitrarywayson the basisof experience For
example rulesfor dealingwith specialcasesuchasesoteric conceptgcf. theright-handcolumn
in thetablesin Figure9) canbe addedif casesarenoticedwherethe otherrulesdo not appeatto
work well. More basicaspectof the procedurecanalsobe fine-tuned.For example,if therather
strangeresultshown in Figure 10 were found disturbing,a designercould reducethe frequeny
of suchresultsby changingthe rulesfor updatingprobabilitiesin sucha way thatthe value True
wasderivedonly undermoreextremeconditions(Notethatdesigner®f systemsasedn BNs or
DST cannoteasilyeliminateundesiredesultsby modifying the laws of probabilityor therulesfor
the combinationof evidence.)To be sure,sucha changemight leadto undesirableesultsof other
types;it is simply not easyto approximatea principle suchasBayes'rule or Dempsters rule of
combinatiorsatishctorily with a setof fuzzyrules.

Thefollowing subsectionsvill examineseveralusermodelingsystemsmorerecentthanKNOME,
thatuseatleastsomeconceptdrom FL (Figurell).

4.2. THE SALES ASSISBNT: MAXIMAL USEOF MINIMAL USERINPUT

If systendesignerandknowledgeengineersireoftenmorecomfortablewith fuzzy conceptshanwith
precisenumbersthe sames evenmoretrue of ordinarysystemusersThis considerations takeninto
accounin the SALES ASSISBNT (Popp& Lodel,1995,in thisissue).Partof this systenis responsible
for predictinghow a userwill evaluateparticularproducts.Considey for example,the problemof
askingl{ how importantthe attribute “Screensize” is in her evaluationof a personalcomputer/
is unlikely to wantto specify a numericalimportanceweight (e.g.,.17) for eachsuchattribute, but
shemight be willing to statethat the attribute is “quite important”. Fuzzylogic provides meansfor
representinguchvagueinput—in this case, meansfor viewing “quite important” asa fuzzy setof
numbers—andbr processingt in combinationwith otherimpreciseinputs.

TheSaLES ASSIS®NT alsoillustratesaslightly lessobviousway of usingfuzzy conceptdo process
vagueuserinputwhenit predictshow ¢/ would evaluatevariouspossiblespecificscreersizes Strictly
speaking{/ shouldbe asked to specify somesort of value function (cf., e.g., von Winterfeldt &
Edwards,1986)—thatis, a mappingof possiblescreersizesontotheir evaluations.Yet a useris not
likely to wantto specifysucha functionwith ary precisionespeciallygiventhata productalsohasa
numberof otherrelevantattributesfor which the sameproblemarises At most,// is likely to specify
for example,thatthe screerf'should be 19 inchesacross’—wherebghepresumablydoesnot mean
simply thatany sizeunderl19inchesis out of the question Oneway of conceptualizinghis problem
is to view U asdefiningafuzzy concepsuitaBLE SCREEN size Whichis clearlyapplicableat 19inches
andlessapplicableat someothervalues.Fuzzylogic providesa repertoireof membershigunctions
for capturingsuchconceptgseee.g.,Cox,1994,chap.3).

The problemof determininghe overall suitability of a productX’ for & canthenbeviewedasthe
problemof interpretingafuzzy rule lik e thefollowing one:

> IF X hasaSUITABLE SCREEN SIZE
AND X hasa SUITABLE PROCESSOR SPEED
AND ...
THEN X iS a SUITABLE COMPUTER.
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Actions under partic—
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Figurell. Systemghathave usedsomeconceptof FL for useror studentmodeling(cf. Figure3 andAppendixA).
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Thisis atypeof formulationthatbothsystenmdesigneraindusersarelik ely to understan@ndto accept,
butits exactinterpretations notobvious.For example jt mustbedeterminedvhattheconjunctioraND
meansn this context—in particular the extentto which a singleunsuitableattribute shoulddisqualify
aproduct.Thereis no universallyvalid answeybut fuzzy logic providesa library of functionsfor the
interpretatiorof operatorgik e thisone(seee.g.,Cox,1994,chap4).

In sum,theverbalformulationsthatpeopletendto preferto useto expressquantitatve information
in generahave meaningsvhich arevagueandcontet-dependenfseeWallstenet al., 1993;Wallsten
& Budescu,1995).The repertoireof membershigunctions,operatorsandothertechniqueghat FL
provides doesnot yield easysolutionsto this problem,as the task of determiningthe appropriate
representationeemains—aaskwhich may requireconsiderablempiricaltestingand/orknowledge
engineerindcf. Sectionss.1and5.3).

4.3. GEORGETTE FuzzY RULES FORUSERSIMULATION

Kolin (1995)is developingthetext generatiorsystemGEORGETTE which, like the SALES ASSISRANT,
usesfuzzy conceptgo representhe users assumedvaluationcriteria. In the exampledomain,the
objectsto beevaluatedarehousesndapartmentshatarebeingofferedfor sale As the purposeof this
systemis to generatgeal-estatadwertisementsioninteractiely, the motivation for using FL is not
to enablethe systemto handlevagueuserinputs.Rather Kolln amguesthatfuzzy conceptsallow the
readers evaluationprocesseso be modeledin arealisticfashion.A realisticmodelis requiredhere:
The generatorconsultsthe modelnot only to predicthow ¢/ will evaluatean objectasa whole but
alsoto determingherelevanceof particularattributesandthe evaluationof the objectwith respecto
variousevaluationsubdimensionsuchas*“Location”.

In both GEORGETTEandthe SALES ASSISRNT, the FL-basedusermodelis notjust aninstrument
for making predictionsaboutthe user;it canalsobe viewed asa (moreor lesssimplified) cognitive
simulationmodel of the users evaluationprocessesgcf. the useof BNs by Horvitz & Barry, 1995,
describedn Sectior2.14).Whenthisis theintention,agumentsoncerninghegreatehuman-lileness
of fuzzy systemgcf. Section5.5) acquirespecialweight.

Anothercharacteristiaspecbf Kolin's systemis theway it representsomplex quantitatve rela-
tionshipswith combination®f rulesformulatedin termsof fuzzy conceptsComparedvith the SALES
ASSISRNT, GEORGETTEUSesa muchlarger numberof fuzzy conceptsandrulesto characterizéhe
evaluationcriteria that the systemascribeso membersof a particularusergroup.In this way, the
systemcanrepresent vastnumberof possiblerelationshipsetweena propertyof an objectandits
evaluationby a user;someof thesewould be hardto capturewithin a traditionalframewnork suchas
Multi-Attrib ute Utility Theory(cf. Section2.12andvon Winterfeldt& Edwards,1986).This prospect
canbeattractive if the systems knowledgeengineethinksthatit is bothnecessaryo capturea func-
tional relationshipin sucha differentiatedfashionandfeasibleto do soby queryingrelevantpersons
and/orfine-tuningtheruleson the basisof experience.

4.4. SYPROS. STUDENT MODELING WITH A FUzzY EXPERT SYSTEM

Whereasachof the FL systemgeviewed sofar exhibits sometypical fuzzy featuresmore of these
featuresare combinedwithin the diagnosticcomponentof SyPrRos (Herzog,1994). SYPROS is an
intelligenttutoring systemfor parallelprogrammingn a speciallydesignedprogramminganguage.
Thekey taskof theusemodelingcomponenis thefollowing one:Giventhatl/ haswrittenaparticular
commandwithin his programdeterminevhich of severalpossibleplansP; . .. Py thecommandvas
intendedo helprealize.
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The systemhasavailable 10 typesof evidenceon which to basesucha decision,including the
following:

« therelative difficulty of the goalsthatcorrespondo theplansP; . .. Py;

» theexpertiselevel of U;

« the natureof the explanationghathave beenofferedsofar by thetutoring system;and

» theextentto whichaparticularplan P; would helpto achieve ahigherlevel goalthati{ is known
to bepursuing.

It would be possible thoughby no meansstraightforvard, to try to useBNs or DST to integrate
thesediversetypesof evidence.Instead,SYPROS usesa fuzzy expert systemwith rulesthat canbe
expressedoughlyasin thefollowing example:

> IF P; hastheRIGHT HISTORY
AND the goalassociateavith P; hasthe RIGHT DEGREE OF DIFFICULTY
OR P; is NOT associateavith the WRONG TYPICAL MISTAKES
THEN P; is the CORRECT HYPOTHESIS.

Asin theruleslistedin Sectionst.1.3and4.2,eachof theconcept@indoperatorrintedin uppercase
lettersis fuzzy. The procedurdor determininghefuzzy membershiyaluefor agiven P; andafuzzy
concepC is asfollows: All N candidatelansarerank-orderedvith respecto theextentto whichthe
evidencerelevantto C speakgor them.Thehighest-rankinglanalwaysrecevesafuzzy membership
valueof 1.0; for the otherplans,the rank order (essentiallyan integer between2 and N) is mapped
ontothehalf-openinterval [0,1) with amonotonicfunctionthattakesvariousforms,dependingnthe
judgedimportanceof C.

As with the evaluationsystemadiscussedn the two previous subsectionsthe logical operators
AND, OR, andNOT aregivendefinitionstakenfrom the repertoireof fuzzy operatorsFor OR andNOT,
themostcommondefinitionsareused;for AND, it is nottheminimumof themembershiwaluesthatis
usedbut ratherthearithmeticmean . Thejustificationis thata singlelargely unfulfilled condition(e.g.,
thefactthata planrankslow with respecto having the riGHT HISTORY) shouldnot completelyblock
theapplicationof arule.

In sum, a setof ruleslike this takesinto accounta variety of typesof information that appear
relevant, and it combinesthemin ways which appearplausibleto the designerand/orknowledge
engineerTherulesarenot basedon an explicit modelof the relationshipsamongthe variablesthat
they take into accountandmary of thedetailsof therulesarehardto justify theoretically Thesefacts
have consequence®r the way in which sucha systemis testedandadaptedaswill be discussedn
Section5.3.

4.5. IFTReED: REPLACING Fuzzy RULES WITH LINEAR EQUATIONS

For completenessywo approacheshouldbe mentionedo which thetermfuzzyhasbeenappliedbut
whichin factexhibit relatively few characteristicsf fuzzy systems.

Hawkeset al. (1990) presentan approachn which a studentmodelis maintainedn arelational
databas®hichstoreshypothesemainlyaboutpatternsn /'sobsenablebehaior andthe positionsof
U onavarietyof specificdimensionsSomeof thevariablesarefuzzyin thesensehatthey characterize
astudentwith termslik e very Low insteadof with Booleanpredicate®r numbersBut thesetermsare
internallyrepresentedndprocessedsintegers,andno useis reportedf fuzzy membershigpunctions
or relatedconcepts.
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The systemallows the designerto formulateequationghat permitinferenceson the basisof the
studentmodel,suchasthefollowing equation(p.423):

Y=.3X1 + .2X2 + .1X3 + 3X4 + .lX5.

Here,Y represents('s currentmotivationalstate whichthesystenmightwantto predict,for instance,
in orderto judgetheappropriatenessf presentinga giventype of problem.X; representé{'s general
trait motivationfor mathematicsand X, throughX's summarizeseseralaspect®f i/'s behaior in the
currentsessiowhichseenlik ely to reflect(or perhapgo influencehis currentmotivationalstate The
systemevaluatesan equationlik e this simply by substitutingn theintegervaluesfor X1 throughX
androundingoff theresultto obtainanintegervaluefor Y.

Thesezquationsrelikethefuzzyrulesof Herzog(1994)in thateachequatiorexpresseshewayin
whichvariouspiecesf evidencesupporta conclusioraccordingo thejudgmentof thedomainexpert
who formulatedthem. They aremore constrainedhowever, in thatthey do not allow evidenceto be
combinedhroughtheuseof variouslogical operatorswhich couldin turnbegivenvariousdefinitions.
It is not clearhow successfullyequationsf this form canin factpredictstudentehaior andupdate
astudenimodel.

4.6. SHERLOCK II: INVESTIGATING THE UTILITY OF ALTERNATIVE PROPGATION TECHNIQUES

Katzetal. (1992)° present studenimodelingcomponentfor atroubleshootindutoring systemthat
used{'s actionsasevidenceconcerning/'s positionson variousskill dimensionsAn exampleof a
rule thatlinks obsenablebehaior to a specificdimensionis thefollowing rule:

> IF U useghehandheldneterto measurdC voltagewhenthevoltageis in factAC,
THEN downgrademoderatelytheassessmenf ¢'s ABILITY TO USE THE HANDHELD METER.

Ruleslikethiscouldberepresentedndprocesseh avarietyof wayswith thetechniqueslescribed
elsavherein this article.Katz etal. aguethat problemsof knowledgeengineeringandcomputational
complity mightmake theuseof techniquesuchasBNsimpractical(cf. Section$.1and5.4below).
They thereforeexploreanoveltechniquen orderto determinavhetheiit representausefulalternatve:
Eachvariablesuchasu's ABILITY TO USE THE HANDHELD METER hasfive possiblevaluesyangingfrom no
KNOWLEDGE t0 FULLY DEVELOPED KNOWLEDGE. For eachvariable,§ maintainsa probabilitydistribution
like the onesusedin BNs. Theseprobabilitiesare not updatedaccordingto ary rulesof probability
theory however. For example theformulafor downgradingheassessmertf avariableprescribeshat
someproportionof the probability assignedo eachvalue of the variablebe transferredo the value
onestepbelow. In thisrespectthemethods similarto Chin's (1989)nonstandardhethodfor updating
probabilities A consequencef theuseof tailor-madeupdatingrulesis thattheupdatingprocesstself
canbefine-tunedsothatparticulareffectsareobtained For example theupdatingprocedurgrovides
explicitly for slowver upgradingwhen/ is judgedto be a nearexpert, because¢he designerconsider
it to be especiallyundesirabldor a studento be classifiedasanexperterroneously

In additionto assessingpecificabilities, SHERLOCK Il assessamoreglobalones relatingthemto
thespecificabilitiesvia linearequationsasin IFTRED. For example the ability to usetestequipment
(Y) is relatedto the abilities to usethe handheldmeter(X,), the digital multimeter(X5), andthe
oscilloscopd X 3) asfollows:

Y=2X; +.2X, + .6X3.

15" A slightly shorteraccounbf this researclis givenby Katz andLesgold(1992).
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Applying an equatiorlik e this oneis lessstraightforvard thanapplyingthe correspondingquations
in IFTRED, becausghe systems beliefsaboutthe four variablesarerepresentety probability distri-
butionsratherthanby specificnumbersHereagain,insteadof invoking the principlesof probability
theory theauthordntroducea simplerschemeThelinearequatioris applieddirectly to the probabil-
ities associatedvith the variouspossiblevaluesof the variables Assume for example thefollowing
probabilitydistributions:

« X7 andX5,: (1000 0); thatis, definitelyNo KNOWLEDGE;
« X3 : (0000 1); thatis, definitelyFuLLY DEVELOPED KNOWLEDGE.

Then!{ oughtto be ratedaboutaverageoverall with respecto Y, his ability to usetestequipment.
But the procedureappliedyields a probability distribution for this variableof (.40 00 .6). Thatis, U
may have No KNOwLEDGE Of testequipmentusage pr he may have FuLLY DEVELOPED KNOWLEDGE; but
he definitely doesnot have a knowledgelevel betweentheseextremes Anomalieslik e this illustrate
theperilsof developingnew methodof handlingevidenceasalternatvesto methodghathave already
benefitedrom extensvethoughtandscrutiry. Katz etal. acknavledgethattheirmethods lessreliable
thanstandardincertaintynanagemertechniquesln fact,they concludeheirarticlewith adiscussion
of reasonsvhy BNs might be bettersuitedfor a systemlike SHERLOCK II.

4.7. CONCLUDING REMARKS ON Fuzzy LoGIC

Thesystemseviewedillustratetwo generalisemrmodelingsituationdn whichtheuseof FL techniques
shouldbe considered:

1. Reasonings involvedthatcanbedescribedndexplainednaturallyin termsof impreciseconcepts,
operatorsandrules,asopposedo mathematicaprinciplesor rulesinvolving preciseconcepts.
This reasoningnay bethatof the user whoseinferenceor evaluationsarebeinganticipatedpr it
may bethatof anexpertwhoseknowledgeconstituteghe basisfor the system§reasoning.

2. Impreciseverbalinputfrom the userhasto be processed.

Themembershigunctionsof FL arein generalwell suitedto therepresentationf suchinput, even
if thesubsequemnrocessingloesnotuseFL techniques.

With regardto the first situation,note that even in caseswherethe systems inferencescan be
realizedstraightforvardly with a precisemodel, it will also be possibleto realizethemin a more
approximatevay with FL techniquesBut someof theexamplesonsidere@borein Sectiongt.1and
4.6haveraiseddoubtsasto whetherthisis anappropriatavay to useFL techniquesTheargumentsn
favor of doingsowould mainly concerrusabilityissuesuchasthoseexaminedn thenext section.

5. The Usability of Numerical Uncertainty Managementfor User Modeling

Someof themostfrequentlyadvancedargumentsagainstheuseof numericaluncertaintymanagement
techniquedor usermodelingdo not concernthe questionof whetherthey could, in principle, yield
accurateand/oruseful results.Rather the agumentsaddresshe questionof the usability of these
technigueswhetherthetechniquexanbe usedsatishctorily in the conditionsin which researctand
applicationtypically take place.More specifically a designemhois consideringsuchtechniquedgor
theusermodelingsystemS maywonderaboutthefollowing questions:

1. Wherewill thenumbersneededy S comefrom?

2. How mucheffort will it requireto implementS?

3. Towhatextentwill S have to beimprovedthroughtrial anderror?

4. Will §'sinferencemethodseefficientenoughto permitacceptablyastsystenresponses?
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5. To what extentwill theinferencesnadeby S be similar to thosemadeby peoplefacedwith
analogougasks?

6. Towhatextentwill it bepossibleto explain S'sinferencedo usersandotherpersonsvho want
to understandhem?

7. To whatextentwill it be possibleto justify the conclusiongdravn by S if they arecalledinto
guestion?

8. How effectively will it be possibleto communicatehelessondearnedn the designandtesting
of S to otherdesigner®f usermodelingsystems?

Thesequestionwill bediscussedh turnin thefollowing subsectiondt would becorvenientif we
couldgive eachof thethreeuncertaintynanagemerparadigmsa ratingwith respecto eachof these
guestions—andhaybeevenaratingfor overall usabilityin usermodelingsystemsUnfortunatelythe
answergo thesequestionglependn parton the particularway in which atechniquds emploed.So
the aim of the following subsectionsvill be more modest:to mentionthe major factorsthat should
be taken into accountduring an attemptto answereachof thesequestionswith regardto a specific
system.

5.1. KNOWLEDGE ENGINEERING REQUIREMENTS

Thequestiorof wherethenumbersomefrom appearso bethemostdifficult oneof all. In mostof the
systemglescribedn this overview, mostor all of therequirednumbersvereapparentlyenteredy the
designern the basisof intuitive judgment.Evenin casesvheresystematicallycollectedempirical
datawereused,the designerghemseleswarn againstoptimistic assumptiongboutthe accurag of
the numbers(see,e.g.,de Rosiset al., 1992, pp.386—387;Desmaraist al., 1995, sectiond). This
widespreadack of a solid quantitatve knowledgebaseis in keepingwith thefactthatthesesystems
areresearctprototypesBut thisresearchloesnotin mostcasesndicatehow accuratenumbersould
be obtainedn practice.

The developmentof FL was motivatedlargely by a desireto make the arbitrary specificationof
precisenumbersinnecessarin particularit is sometimesotedthatit is easieto elicit fuzzyrulesthan
exactnumberdrom domainexperts(seee.g.,Sectiond.2 andVadiee& Jamshidi,1994,p.37). Still,
FL-basedsystemglo requirethe specificatiorof numberson otherlevels. As the systemseviewedin
Sectiord illustrate atsomepointeventhefuzziestnputshaveto betranslatednto somesortof internal
numericalrepresentationA vagueconcepthasto have a membershigunction (if it is notjustto be
mappedntoaninteger),andthevariouspiecesof input datafor a comple rule have to be combined
accordingto someoperatorsTheseinternalrepresentationsanin principle be just asunrealisticas
arbitrarily chosenconditional probabilitiesor belief massassignmentsSo the problemremainsof
how to choosehe right ones.This problemis fully recognizedvithin FL, andexperimentatiorwith
a variety of alternatve numericalrepresentations often viewed asa centralpart of the processof
developingan FL-basedsystem(cf., e.g.,the application-dependenad the fuzzy modelingin the
systemslescribedy Popp& Lddel,1995).

Thedevelopmenbf improvedtechniquedor acquiringthe necessarpmumberss awidely pursued
researclyoal (see,e.g.,Druzdzelet al., 1995,for examplesof efforts in connectiorwith BNs). One
generabpproachistoimprove method®f eliciting thenecessarjudgmentgrom experts For example,
Druzdzelandvander Gaag(1995) presenta generalmethodfor derving exact probabilitiesfrom a
variety of typesof input provided by experts,including purely qualitative probability assessmenté
complementargtrat@y is to develop appropriatanachinelearningtechniquegsee,e.g.,Section2.7
with regardto BNs andKosko, 1992 ,with regardto FL-basedsystems).
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In the nearfuture, however, precisenumbersthat are outputby a usermodelingsystemshould
notbetakentooliterally, unlesghe system$accurag hassomeha beencorvincingly demonstrated.
In otherwords, for mary systemspreciseand accurateresultsdo not representhe chief benefitof
emplgying numericaluncertaintymanagementechniquesThereare seseral advantagedo the use
of well-understoochumericaltechniqueswhich can be exploited even if the system$ quantitatve
knowledgebasdeavesmuchroomfor improvement(cf. Pearl,1988,pp.20-21):

1. Theattemptto specifyall of thenecessarguantitiesdorcesthe systendeveloperto dealwith mary
complicationsthat would otherwisenot even be noticed;and a systemthat embodiesat leastan
educatedyuessaboutsucha complicationis likely to be preferableto onethatdoesnt take it into
accouniatall.

2. Itiscorvenientto know thatany unexpectedrincorrectehavior of thesygsemcamotbeduesimply
to poorly understoodaspectf the basicinferencemechanismrather theremustbe something
wrongwith theassumptionthatwereenterednto themodel.

3. Althoughthe conclusiongiravn by the systemmay be inaccuratethey will notbeinconsistenbr
bizarre. They will beconclusionghatwould bevalid in someplausibleworld, namelyonein which
all of theassumptiongnadein the systemwereaccurate.

4. Eveninaccuratenumbersn the systemcansene asplace-holdergor moreaccuratenumberghat
can be acquiredin the future, in one or more of the ways mentionedabove. Somealternatie
approachet uncertaintynanagemerdo not supporthis sortof incrementalmprovement.

5.2. PROGRAMMING EFFORT

Theeffort requiredo programanimplementatiorns lik ewiseoftencitedasareasorfor avoidingtheuse
of themoresophisticatedumericatechniquesoveredn thisoverview. Apartfromits lackof scientific
weight, this agumentis rapidly becominganachronisti@asthe amountof relevantpublic-domainand
commerciakoftwareincreased-orexample Mislevy andGitomer(1995)useacommerciallyavailable
BN shell,andthe FuzzySystemsiandbookby Cox (1994)comeswith a diskful of numericalroutines
programmedn C++16

5.3. EMPIRICAL MODEL ADJUSTMENT

Section5.1 notedthe difficulty of specifyinga valid modelon the basisof empirical data,expert
assessmenter theoreticalkconsiderationsAn alternatve approachs to tunethe parametersf a user
modelingsystemon the basisof feedbackrom systemperformanceThis generalapproacthaslong
beenfamiliarin thefield of rule-basedxpertsystemsAs wasnotedin Section5.1,this sortof tuning
is especiallycharacteristiof the FL paradigm.The FL systemadescribedn Section4 in factshav
morepossibilitiesandexampleshando thoseof the othertwo paradigms.

As areviewer of oneof themanuscriptdor this specialissuehasemphasizedgvising amodelon
thebasisof empiricalfeedbaclshouldnotbeviewedasnecessariljustamatterof adjustingparameters
by trial anderroruntil theresultsaremoreor lesssatistctory Insteadijt is desirablewherepossible,
thattheinitial designof the modelshouldbe basedon explicit assumptionaboutthe exactmeanings
of thevariablesnvolvedandaboutthenatureof theirrelationshipsUnexpectedehaior of thesystem
maythensuggestevisionsof theseassumptionsatherthanjustadjustmenof specificparametersin
advantageof this approactis thatexperiencewith the systemenhancegeneralunderstandingf the
usermodelingproblembeinginvestigatednsteadof merelyimproving the performancenf a specific

16 At thetime of this writing, one sourceof informationaboutsoftwarefor BNs andDST is the World-Wide Web page
http://bayes. st at. washi ngt on. edu/ al nond/ bel i ef . ht M maintainedby RussellAlmond.
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systemin aparticulardomain.This approactappearso comemorenaturallywith BNsthanwith DST
orespecially-L: BNstendmorestronglyto forcethedesigneto make explicit, falsifiableclaimsabout
relationshipsamongvariablesin the world, insteadof specifyingexplicitly how particulartypesof
evidenceareto be processedy thesametoken,a BN designeiis perhapshe onewhois mostlikely
to beforcedto the conclusiorthathis or herentireconceptualizationf a problemis inappropriate.

5.4. COMPUTATIONAL COMPLEXITY

Onereasonthat is often given for not using BNs or DST for usermodelingis the computational
compleity of thesetechniquesThis problemis mentionedessfrequentlyin connectiorwith FL. In

fact, proponentsof FL often point to the fastexecutiontimes of fuzzy systemsjn particularfuzzy

controllers.This doesnot meanthat problemsof computationatompleity neverarisewithin FL, but

it doessuggesthatthey neednt be a primary concernfor researcherazho areconsideringhe useof

FL for usermodeling.

For BNsandDST, however, it hasbeenproventhattheexactapplicationof theinferenceechniques
isin generaNP-hard—asresometypesof approximatepplication(see e.g.,Wellman& Liu, 1995,
andKreinaovich et al., 1994, for recentdiscussions)Moreover, intractabilityis not only a theoretical
possibility It often plaguesusersof theseformalismsin practice thoughpublicationswithin the user
modelingfield by researchersvho employ thesetechniqueshave seldommentionedproblemsof
this sort!’ But beforea researchedecidespecaus®f computationatompleity considerationsto
refrainfrom usingthesetechniquegor agivenapplicationA4, he or sheshouldconsiderthefollowing
guestions:

1. Are theproblemswithin A small?

Evencomputationall}complex methodsanbeusedif theproblemsaresmallenoughAnd in user
modelingsystemstheremay be specific placeswherea differentiatedand reliable treatmentof
uncertaintyis desirableevenif mostof the systemusesotherinferencetechniquedcf., e.g.,the
systenof Carberry,1990,discussedh Section3.2).

2. Do the problemsin A have a structurethathappendo be favorablewith regardto the uncertainty
managemertechniquebeingconsidered—ocanthey bereformulatedn suchawaythatthey have
suchastructure?

Evenlarge problemscanbe handledwithoutdifficulty if they represenspecialcasedor whichthe

inferencetechniquesanwork efficiently. In BNs thataresingly connectedi.e., thathave at most
oneundirectedpathbetweerary two nodes) propagatiortime is linearor betterin the sizeof the

network (seeg.g.,Delcheretal., 1995).1t alsohelpsif atypicalnodehasasmallnumberof parents
andif atypical variablehasa smallnumberof possiblevalues(Wellmané& Liu, 1995).With DST,

it is helpful if only a smallnumberof possiblesubsetof eachsetof hypothese$iasto be taken

into account(cf. Sections3.1,3.3,and3.4). WhenDST is usedto realizea belief network (aswas
discussedh Section3.1.2),someof thesameconsiderationgpplyaswith BNs.

3. Are approximatve techniquespplicablewithin A4?

A gooddealof researchis beingdevotedto waysof makingtheuseof BNsandDST computation-
ally morefeasible.Much of this researchnvestigatesapproximatie techniquesThe useof such
techniguesnakesgoodsensen anaredik e usermodeling wherethenumberdhatareenterednto
thesystemwill themselesoftenbe only approximateBut evenapproximatve techniquesnay be
effective only underparticularconditions.For example,the useof a restrictedsetof infinitesimal

17 On the otherhand,abouthalf of EugeneCharniaks invited talk at the FourteenthinternationalJoint Conferenceon
Artificial Intelligence atalk which dealtwith the researctprogramtouchedon in Section2.10,wasdevotedto a reporton
hisresearctgroups efforts to find tolerablyfastwaysof evaluatingtheir especiallyfine-grainedBNs.
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probabilitiesin a BN appeargo work well only whenthe prior probability of the conditionto be
diagnoseds very small (Henrionet al., 1994). And a Monte Carlo techniquefor DST proposed
by Kreinovich etal. (1994)is inapplicablef Dempsteis rule of combinationis used;thedesigner
mustbewilling to accepianalternatve rule for integratingpiecesof evidence.

If the answergo all threeof thesequestionsare negative, the naturalresponseamight be to adopt
sometechniqueX’ for managing(or ignoring) uncertaintythat posesfewer computationaproblems
but thathasa lesssoundtheoreticafoundationthanBNs or DST. But beforetaking this course the
researcheshouldconsidetthe following (interrelatedjuestions:

1. Whatclassof problemscanbe solvedsatisactorily with X'?
It mayturn outthatmethodt’ worksadequatelynly onalimited subsebf the possibleproblems;
andthatfor this subsetthe useof BNs or DST would be feasibleaccordingto the criterialisted
above.

2. How accuratearethe solutionsyieldedby X'?
It mayturnoutthatthesesolutionshave only alimited degreeof accurag; andthatthesamedegree
of accurag canbeobtainedby feasibleapproximatve versionsof BNsor DST.

Whenthesetwo questionsare consideredit may turn out that BNs and DST arethe worst possible
techniquesuintil you considerthe alternatves.

5.5. HUMAN-LIKENESS

The human-lilkenesof the inferencegerformedwith anuncertaintymanagemenechniques espe-
cially importantif thetechniquds beingusedto simulatethe users reasoningatherthanto manage
uncertaintyaboutit (cf. Section2.14and4.3).

As wasnotedseveraltimesin Section4, FL canclaim at leasta certaindegreeof human-lileness
becausef the way in which it captureshumanreasoningwith vagueconceptsOn the otherhand,
FL was not developedfor the purposeof cognitive simulation,andit cannotbe taken for granted
thatan FL treatmentof a given problemcorrespondgso the way in which peoplewould deal with
it. Chandrasekarafl994)and Freksa(1994) offer balanceddiscussion®f the extent to which FL
can—andshould—aithfully mirror humanreasoning.

At theotherextreme Bayesiarinferencehasoftenbeenviewedasantitheticakto humanreasoning.
Onebasisfor this view hasbeenthe large collectionof empiricalresultswhich documenthe errors
that experimentalsubjectsmalke when confrontedwith tasksthat require Bayesianreasoning But
the gap betweenhumanand Bayesianinferenceis not quite as wide asis commonlybelieved. In
particular relatively recentstudieshave shavn thatpeoplecanactuallyperformwell on basicallythe
sameexperimentaltasksundercertaincircumstances—foinstancewhenthe tasksare reformulated
in termsof frequenciegsopposedo subjectie probabilities(see e.g.,therecentreview by Ayton &
Pascoe1995).

In sum,a judgmentof the human-lilenesf the inferencesupportedy a particularuncertainty
managemenframevork shouldtake into accountthe natureand context of the particularinferences
beingmade.

5.6. EXPLAINABILITY

With BNsandDST, therole of numericakalculationss moreprominenthanit is in FL-basedsystems.
The designernf a usermodelingsystemmay thereforebe concernedaboutthe needto explain such
calculationdo usersButin fact,explainingBN- andDST-basednferencess not primarily amatterof



NUMERICAL UNCERTAINTY MANAGEMENT IN USERAND STUDENTMODELING 43

explaining specificnumericalcalculationgcf. Shafers remarkto Pearlthat“probability is not really
aboutnumbersit is aboutthestructureof reasoning’—Pearl,988,p. 15). For instancewhenBNs are
beingexplainedtheessentiagjoalis for theuseno grasphenatureof thecausalor other)relationships
betweenthe variablesrepresentedéh the network. The usershouldalsobe ableto recognizecertain
typical patternsof reasoningsuchasthe patternof explaining away. the ideathat to the extentto
which aneffect hasbeenexplainedadequatelypy onecausejt no longerconstitutesvidencefor the
operationof anothemossiblecausgcf. Pearl,1988,p. 7).

A fair amountof researcthasbeendevotedto the developmentof techniquedor explaining the
reasoningf systemghatarebasen BNsandDST (seee.g.,Henrion& Druzdzel,1991,andXu &
Smets, 1995, respectiely). Comparableesearcton othernormatiely orientedreasoningechniques
(seee.g.,Klein & Shortliffe, 1994)is alsorelevanton a moregeneralevel. The resultssuggesthat,
with ingenuityandcarefulattentionto users'reasoningprocesseggesearcheranddesignersanfind
waysto bridgethe gapbetweerformally rigorousmethodsandusers'naturalwaysof thinking.

5.7. JUSTIFIABILITY

Becauseof the desirability of making usermodeling procedureshuman-lile and explainable,it is
easyto forget that justifiability is also a desirable—andomevhat different—propertyAn extreme
caseis onein which a usermodel providesthe basisfor decisionsaboutusersthat have important
consequencdsr them(e.g.,arecommendationf anexpensveproductassuitablefor purchaséy the
user or ajudgmentthata students unfit to participatein a givencourse)lf suchadecisionis called
into questionandhasto bejustified, it maybe usefulto be ableto amguethatthe systememploys the
mostreliabletechniquesurrentlyavailable,evenif thesetechniquesarelessintuitively naturalthan
thealternatves(cf. Martin & VanLehn1995,p.144).

5.8. COMMUNICABILITY OF RESEARCHADVANCES

Whenthe solutionto a problemin usermodelingis formulatedin termsof awell-known uncertainty
managemeraradigmijt is relatively easyfor otherresearchers understané@ndevaluatewhathas
beenaccomplishe@ndto adoptthe solutionin their own work. Whena solutionis formulatedwithin
somesystem-specififramenork, otherresearchersften have to investconsiderableffort simply to
discoverthatthe solutionis essentiallyequivalent(or perhapsnferior) to onethathasbeenproposed
before.

6. Conclusion

Thisoverview supportsanintegrative view of therole of numericalincertaintymanagemeriechniques
in userandstudenimodeling We have seerthattheseechniqueganbeusedo address broadvariety
of problemsin this area,oftenin conjunctionwith morefamiliar qualitative techniquesResearchers
anddesignerghereforedo not have to committhemselesto the useof a techniquefrom a particular
uncertaintynanagemergaradigmasthe primaryinferencetechniqudor their systemAnd thereis no
compellingreasorwhy differentuncertaintymanagemergaradigmsannotbeappliedwithin asingle
system.

Researchergho begin applyingthesetechniquesrelikely to encounteproblemsthatthey have
notpreviously hadto dealwith. But mary of thesegproblemsdo notconcerrntechnicadravbacksof the
techniguesn questionbut ratherdifficultiesinherentin the enterpriseof userandstudentmodeling.
Theseproblemswill at somepoint have to be dealtwith head-onResearcheraho chooseto do so
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will find thatthe paradigmscoveredhereoffer a large, varied, and rapidly expandingcollection of
conceptuahndimplementationatools.
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Appendix
A. A Framework for the Comparison of Systems

In Figures3, 5, 8, and11, eachsystemis characterizeth termsof a classificatiorof variablesnto severallevels
The levels will be explainedherewith referenceto the examplesituationanalyzedin Sections2.1, 3.1, and
4.1.

Personalcharacteristics. Thesevariablesorrespondo theay-independent,objectvely verifiabe factsabou
U, suchasherareaof specializatiorandheramountof experiencewith a givensystemlf the examplesystems
hadthistypeof informationabouta UNIX user they couldtreatit asevidenceconcerning/'s UNIX expertise.

Positionson dimensions.Eachvariableon this level refersto the positionof &/ on somegeneralbr specific
dimensionsuchasexpertisein UNIx. Dimensiongnay alsoconcernpreferencesatherthanknowvledge—such
asU's tendeny to make backupcopiesof files. A variableof this type correspondso a theoreticalconstruct:
Whetherthe variableis meaningfuldependn whetherit playsa usefulrole in inferencesaboutvariableson
otherlevels.

Long-term cognitive states. Thesestatesinclude the users possessiomf knowledge,beliefs, and goals
whoserelevanceextendsbeyondthe performancef a particulartask.Examplesarevariablesthatrepresenthe
propositionghat(a)l/ believesthatfilesnamedREADME areusuallyworthreadingand(b) &/ knowsthemeaning
of thecommandor e (which displaysthe contentof afile on the screen) The maindifferencefrom variables
onthepreviouslevel, positionson dimensionsis thatthe contentof long-termcognitive stateds morespecific.
Thedistinctionis notsharphowever. If, for example knowing themeaningof nor e is consideredo beamatter
of degree thenthe degreeof understandingf this commandcanbe treatedasa very specificknowledgeability
dimensionwhichis analogouso thedimensionof expertisein UNIX.

Short-term cognitive statesand events. Theseareeventsandtemporarystateshatarisein connectiorwith
the particulartaskbeing performedby U/. For example,variablesmight referto the currentstatusfor ¢ of the
goal“Readthe contentof README”; or to U's beliefthat READMVE containscurrentlyrelevantinformation.

Obselvable statesand events. Thesearestatesandeventsthata persoror systemcouldin principleobsene
with a negligible chanceof error. The mostimportanteventsare useractions—forexamplei('s typing of the
commandror e README. But this level alsoencompassegriablescorrespondindo obsenablecausesand
consequencesf userbehaior, for examplewhetherthe nameof the file README is currentlybeingdisplayed
onthescreer(cf. Section2.8).
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