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Abstract

Prefeence-baseitemrecommendatiois animportanttechniqueemployedy online productcata-
logsfor recommendingemsto buyers. Wheeasthebasicmathematicamedanismausedfor computing
valuefunctionsfrom statedprefeencesare relativelysimple developes of online catalags need e xible
formalismsthat supportthe descriptionof a wide range of valuefunctionsand mapto scalableimple-
mentationdor performingthe required Itering and evaluationopemtions. This paperintroducesan
XML languaye for describingsimplevalue functionsthat allow emulatingthe behaviorof commecial
prefeence-baseitemrecommendatioapplications.We also discusshowthe required scoringopem-
tionscanbeimplementean top of a commecial RDBMS and presentdirectionsfor future reseach.

1 Intr oduction

Onlineproductcatalogsarethelnternetequivalentto the papercatalogsisedoy mail-orderretailersandcompo-
nentsupplierdo presentheir productgo individual customersn business-to-lisiness contexts. Similarto their
papercounterpartsthey presentnformationaboutproductfeaturesandpossibleuses.In additionto this, online
catalogscanprovide up-to-datenformationaboutavailability andpricescomputedor theindividual customer
A secondadwantageof online catalogsis thatthey canprovide buyer decisionsupportfunctionality and give
recommendationor itemsin the catalog.

First-generatioronline catalogsonly provide staticHTLM pagesarrangedn a hierarchy Hereterminal
pagesdescribeindividual products,andintermediarycatayory pagesprovide the navigationallinks to lower-
level productcateyory pagesandterminal productpages.First-generatioronline catalogsdo not provide ary
item recommendatioor decisionsupport. On the contrary if a buyer needsto comparea groupof itemsthat
arenotdirectly listedin a prede nedcateyory page thenthebuyerhasto investa considerableamountof work
to rst identify all the relevant productpagesthenprint the pagesor manuallyextracttherelevantinformation
into asingledocumentand nally compareheinformationto determineghebest t.

Theinclusionof applicationdor feature-basedemretrieval into online catalogshelpsreducethis problem.
Theseapplicationgacilitatethe taskof identifying the relevant products.They provide buyerswith a product-
classspeci ¢ form that lets them specifyrequirementsegardingthe item features.Thus,a userlooking for a
PC canspecify for example thatsheis interestedn buyinga PCwith a Pentiumll processoandatleastl0GB
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of hard-diskspace Whenreceving the query theretrieval applicationscanghe productdatabasandreturnsa
list of productsthat matchthe request.Someonline catalogsalsoaddedside-by-sidaablesthatlist featuresof

userselectedtemsin a singlecomparisortable— thusrelieving usersfrom having to compilethis information
manuallyonto a single page. However, feature-basedtem retrieval is only of limited help if the numberof

productghatmeetthe buyer's baserequirementss largeandif sortingthelist accordingo asingleitemfeature
(suchasprice)is not sufcient becausehe buyerssoft preferencegonsidermorethana singleattribute [11].

Thus,a buyerwho recevesalong list of PCsthatall matchher baserequirementasto inspecteachitem to
determinewhich of thesecomputerdestmatchesher soft preferencesAn alternatve to manualinspectionis
to go backto the original queryandentermorerestrictve requirementsWhile beingfastey sucha stratgy can
leadto theexclusionof itemsthatwould bebest ts [9].

Applicationsfor preference-baseitem recommendatiomave beendevelopedto addresghis problem. In
additionto allowing buyersto specifytheir hardrequirementsthey alsolet buyersexpresstheir “soft” prefer
ences.Theinformationaboutthe requirementandpreferencess thenusedto compilea valuefunctionthatis
usedto evaluateandsortitems. A numberof commercialapplicationdor preference-basetem recommenda-
tion exist. In the next sectionwe discusghe userexperiencehesesystemsrovide. We thenpresenta simple
XML representatioschemehatallows specifyingthe rangeof valuefunctionsthat needto be constructedy
therecommendatioapplicationsdiscussedWe alsointroducean XML-basedrule languagethat supportsthe
explicit representationf how userprovidedinformationis mappedo modi cationsof thebasicvaluefunction.
Finally we discusdssuegelatedto the scalabilityof the scoringmechanismshat performthe preference-based
item evaluation.

2 Commercial Applications for Preference-basedtem Recommendation

Commercialapplicationdor preference-basdatem recommendatiosuchasPersonalogi¢personalogic.coly
Active Buyer Guide (www.actveBuyersGuide.coip and the PuchaseSourcgystemdevelopedby Frictionless
(www.frictionless.com all work in three phases. After an initial phaseof preferenceelicitation, they usethe
elicited informationto constructthe valuefunction. This functionis thenusedto evaluateandsortthe items,
and nally displaytheresultinglist to theuser Below we discusseachof thesephasesn moredetail.

2.1 PreferenceElicitation

The basicmechanisnfor preferenceelicitationis exempli ed by PersonalLogicHerepreferenceelicitationis
performedby asequencef dynamicwebpages Oftentheelicitationstartswith apagepromptinguserdor some
high-level pro le information. For example, the PersonalLogiadecommendatiorapplicationfor computers
providesaninitial dialogthateliciteshow buyersintendto usethe computer Buyersareasled how oftenthey
intendto usethe computerfor word processinggamesdesktoppublishing,communicationandeducation.

From theseinitial inputs, the PersonalLogi@pplicationsderive recommendationand default settingsfor
someof thefeature-relatedequirementandpreferencest-or example from thefactthata buyerwantsto play
gamesfrequentlythe Personalogicomputerrecommendatiompplicationderives the requirementor a fast
processor

In the next elicitation phase(which often spansmultiple screenskhll userpreferencesand requirements
relatingto item featuresareelicited. Thus,the PersonaLogicomputerecommendatioapplicationletsbuyers
enterinformationsuchasthe minimummemoryrequirementandtheimportanceof having anintegratedDVD
drive.

This application, which was available until late 2000, currently (August 2001) is no longer accessible. Persona-
Logic was acquired by AOL in mid 2000. However, at AOL a number of PersonalLogicapplicationsstill are accessi-
ble; for example a dog recommendatiorapplication, a pet recommendatiorapplication, and a careerrecommendatiorapplica-
tion can be accessedat www.aol.personalogic.com/?product=dogs,aolcamyw.aol.personalogic.com/?product=pets,aolcand
www.aol.personalogic.com/?product=caraelcomrespectrely. We have startedan archie of screen-shotsef suchdisappearingec-
ommendatiorapplicationsat thefollowing URL: www.zurich.ibm.com/mrs/recArcié/



Finally, in the lastelicitation step,the relatve importanceof the differentpreferencess elicited. Thus,the
PersonalLogicomputerrecommendatiompplicationelicits the relative importanceof having a bigger hard-
drive, a fasterprocessqrmore RAM, a lower price, more multimediafeatures,and being from a preferred
manufcturer Similar stratgies for preferenceelicitation are also usedby the Frictionlessrecommendation
component.Active Buyers Guide extendsthis basicpreferenceelicitation procedureby providing additional
helpin settingtherelative importanceof preferenceslnsteadof askingbuyersto explicitly provide information
abouttherelative importanceof preferenceshuyersare presentedvith a sequencef pairwisecomparison®f
hypotheticaitemsthatonly differ in two features.The buyeris thenasledto provide informationwhetherand
to which degree,sheprefersoneof theitems.

Allowing buyersto specify baserequirementsnd preferencess consistenwith the disjunctve modelof
decisionmakingobsenred in the marketing literature[6] thatassumegsonsumersisesomebaserequirements
to eliminatepurchaselternatves andan additive multi-attribute evaluationfunctionto evaluatethe remaining
alternatves.

2.2 Value Function Construction

Wewerenotableto nd ary rst-hand publicinformationthatdescribesrov commerciabpplicationsonstruct
the value function from the elicited preferencenformation. However, from the information elicited and the
evaluationthatitemsreceve, it seemsossibleto emulatethe evaluationbehaior of theseapplicationswith a
scoringmechanisnthatinterpretsa ltering expressiornanda simple Multi-Attrib ute Utility Theory (MAUT)
valuefunction[5]. The generalform of a simpleMAUT function thatcombinesthe evaluationsof individual
featuresof agivenitem asaweightedsumis , Where is theevaluationof
feature ofitem and istheweightassignedo thisfeature.ln suchaframevork theelicitedrequirements
are usedto compilethe ltering expression. The elicited buyer preferencesleterminehow item featuresare
evaluated,i.e. how valuesof feature (returnedby ) aremappedto an evaluationbetween0 and1 by
theevaluationfunctions . Theelicitedbuyerpreferenceslsodetermingherelatve weightof feature
evaluationg(i.e.

2.3 ResultPresentation

After the Iter expressiorandthevaluationfunctionhave beenconstructedthey areappliedto thesetof itemsby
the scoringmechanismThe scoringmechanisninspectghe featurevaluesof eachitem. It determinesvhether
theitemmatchesry of the ltering clausesdeterminesheevaluationof eachof theitemfeaturesandcomputes
theoverallevaluationastheweightedsumof thefeatureevaluations After this operatiorhasbeenperformedor
eachitem, the Itered list of evaluatedtemsis displayedo theuser All the preference-basegcommendation
applicationssupply buyerswith a list of itemssortedby their evaluation. However, the applicationsdiffer in
the amountof informationthey provide to usersfor determiningthe t of theitem with the preferencestated.
PersonalLogiprovidestheleastsupportin thatit hidesthe absolutequality of t by alwaysassigninghe best
tting itemanevaluationof 100%—which mightbesurprisingto userghat nd 100%itemslackingwith respect
to someimportantpreferencesActive BuyersGuide,on the otherhand,providesan absolutescorethatis less
than100%for the bestitem if it doesnot completelymatchthe statedbuyer preferencesMoreover, for each
item it lists the valuesof featuresthe buyer hasexpressedspecialinterestin. It alsohighlights somespecial
plusandminuspointsabouteachof theitems. This facilitatesa rapidinspectionof the mainitem features The
FrictionlessPurchaseSourcgy/stemprovidesuserswith the mostdetailedinformationonthe t of itemsto the
statedrequirementsindpreferences For eachitem the usercanseea summarypagethatlists graphicallyhow
well theitem satis eseachof the statedrequirementaindpreferences.

Note thatthe FrictionlessPurchaseSourcapplicationcurrently (August,2001)is no longeravailable. We hopeto includescreen-
shotsalsofrom this applicationin our recommendatioapplicationsarchie.



2.4 PreferenceRevision

After inspectingthelist of evaluateditems,usershave the optionto returnto the preferenceelicitation stageof
thedialog,andrevise someof their statedrequirementaindpreferences-However, noneof therecommendation
applicationgliscussedheresupportacloseintegrationof iteminspectiorandpreferenceevision, asit is possible
in someresearctsystemg11]. They alsodo not supportcritiquing of returnedtemsandtheir featurevaluesas
suggestedor systemgperformingevaluation-orientegbrovisioning of productinformation[4].

3 An XML Representationfor Simple Value Functions

In theprecedingectionwe arguedthattheevaluationbehaior of commerciabpplicationgor preference-based
item recommendatiosanbe emulatedwvith scoringmechanisnthatevaluatesa databasef itemsaccordingo

a ltering expressiorandasimpleMAUT valuefunction. We have devisedan XML representatioschemahat
allows such ltering expressionandsimple MAUT valuefunctionsto be representeih anintegratedfashion.
An exampleXML representatioof a simplevaluefunctionis shavn in Figurel.

<criteria rootld="root">
<criterion id="Price" importance="50" must="false" attribute="Price">
<numEval valUnit="$" val1="0" evall="1" val2="5600" eval2="0"/>
</criterion>
<criterion id="Speed" importance="25" must="false" attribute="Speed">
<numEval valUnit="mhz" val1="300" eval1="0" val2="1600" eval2="1"/>
</criterion>
<criterion id="RAM" importance="25" must="false" attribute="RAM">
<numEval valUnit="MB" val1="32" eval1="0" val2="512" eval2="1"/>
</criterion>
<criterion id="CDWriter" importance="5" must="false" attribute="CDWriter">
<symEval sym="12X">1</symEval>
<symEval sym="8X">.75</symEval>
<symEval sym="4X">.5</symEval>
<symEval sym="2X">.25</symEval>
<symEval sym="none">0</symEval>
</criterion>
<criterion id="HD Size" importance="25" must="false" attribute="HD">
<numEval valUnit="GB" val1="0" eval1l="0" val2="50" eval2="1"/>
</criterion>
<criterion id="root" importance="100">
<subCriteria>
<Criterion ref="Price"/>
<Criterion ref="Speed"/>
<Criterion ref="RAM"/>
<Criterion ref="CDWriter"/>
<Criterion ref="HD Size"/>
</subCriteria>
</criterion>
</criteria>

Figurel: Example of XML-based speci cation of a simple MAUT value function

Using this representatiotanguagea MAUT valuefunctionis represente@dsa tree of evaluationcriteria.
A criterion is eithera terminalor a combinationcriterion. Terminalcriteria (suchas Price and CDWriter in
Figurel) have a setof evaluationspeci cationsassub-elementthatspecifyhow numericandsymbolicvalues
of featuresshouldbe evaluated.Numericevaluationspeci cations(i.e., the numEvalsub-elementsf criteria)
allow specifyinghow the numericvaluesof the correspondingtem featureshouldbe mappedo anevaluation
betweerD and1. In the numEvalspeci cationthe “vall” valuespeci esthe startingpoint of a linearfunction
and“val2” the end-point;the “evall” valuespeci esthe evaluationat the startingpoint “vall” and“eval2” the
evaluationat the end of the intenal. The symEvalsub-elementsf criteria specifyhow symbolic valuesare
mappedto evaluations. Thus, for example,in the criterion CDWriter in Figure 1 the evaluationspeci cation
impliesthatitemswith avalueof “8X” for their CDWriter
featurewill receve anevaluationof 0.75for the CDWriter criterion. In additionto the numEvalandsymEval
evaluationspeci cationsnumRejecandsymRejecelementsanalsobe included. Theseelementgnot shavn
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in Figurel) allow hardrequirementso be speci edfor items. Thus,itemsthat matchtheserejectclauseswill
not be includedin the resultset. The scoringmechanisninterpretingthe XML speci cationhasto compute
the evaluationand reject valuesindependently Combinationcriteria suchas “root” combinethe evaluation
andrejectvaluesof their sub-criteriainto singleevaluationandrejectvalues.Scoringmechanisminterpreting
the XML speci cationscomputethe evaluation as the weightedsum of the sub-nodeevaluationsusing the
“importance”attribute of criteriaastheweightingfactor Rejectinformationis propagatedn suchaway thatif
anitem s rejectedaccordingto onesub-criterionthat hasthe attribute “must” setto true, thentheitemis also
rejectedaccordingto the supercriterion. Criteriawhere“must” is setto falseonly ag itemsasunsatiséctory
withoutrejectingthem.

4 Explicit Representationof Value Function Adaptation Rules

Valuefunctionconstructiorfrom userinputcanbedoneby a programthatinterpretgheuserinputandgenerates
the value function speci cation. However, we believe thatit is advantageouso make explicit the relationship
betweenuserinput andcon guration of the valuefunction. This way the relationshipremainseasierto under
standand easierto maintain. We have thereforecreatedan XML-basedrule languagethat allows specifying
how the basevalue function shouldbe adaptecbasedon userinput. Figure2 shavs an exampleof a setof
modi cation rules. The proposedanguagdor criteriamodi cation includesactionsfor setting,increasingand
decreasingriteriaimportance.It alsoincludesmeansto addrejectconditionsto criteria. In our experiments
with this languagein the context of utility-basedgeneratiorof salesinterviens [10], we found it sufciently
expressie to represenhow a basicvalue functionis to be adaptedo re ect the preference®f the individual
buyer In particular in ourexampleswve did notencountea needto dynamicallychangehehierarchyof criteria
thatmalke up the valuefunction.

<rules>
<rule ID="games">
<if><answer question="gamer">yes</answer></if>
<then><inclmportancePerc criterion="Graphics Card">50</inclmportancePerc></then></rule>
<rule ID="pricel">
<if><answer question="price">over $300</answer></if>
<then><setimportance criterion="Price">0</setimportance></then></rule>
<rule ID="price2">
<if><answer question="price">up to $1500</answer></if>
<then><addNumValueReject criterion="Price" from="1501" to="5600"/></then></rule>
</rules>

Figure2: Example of XML representationof value function adaptation rules

5 Towards ScalableScoringfor Preference-basedtem Recommendation

As the setof inputitemsto which the scoringmechanismhasto apply the evaluationfunction becomedarger,
the performanceof the scoringmechanismbecomesncreasinglycritical. Usersare not willing to wait too
long beforethey canaccesghelist of recommendedemsbeinggenerated Stand-alonescoringmechanisms
arelikely to opt for implementingsophisticatedlgorithmsandtechniquedo addresghis performanceassue.
Giventhatthe setof inputitemsis likely to be storedin arelationaldatabase questionarises.Canthe scoring
functionality (or atleastsomepartof it) bedelegatedto the databassystem(DBMS)?We arguethattheanswer
to this questionis an unequvocal yes. Most commercialdatabaseystemssuchasIBM's DB2 UDB allow
usersto write their own extensionsto SQL. In DB2 UDB a userde ned function (UDF) canbe usedto write
extensiongo SQL. By expressinghe evaluationfunctionasa UDF (or a setof UDFs),the scoringmechanism
canbeexpressedsan SQL queryandthereforetake full advantageof the DBMS' queryprocessingengine.
Below we give asimpleexampletoillustratehow UDFscanbeusedo helpexpresghescoringfunctionality
asanSQL query Supposéhatthe Price,SpeedRAM, CDWriter, andHDSizeinformationarerepresenteth a
databas¢ablecalled“Product” andthata useris interestedn obtaininga setof PCrecommendationsasedn



thepreferencespeci edin Figurel.

To expresstheevaluationfunctionfor the “Price” attribute asa UDF two simplestepsarerequired.The rst
is to write the actualcodethatimplementghe evaluationfunction. In an examplethe codeis written in JAVA
but otherprogramminganguagesuchasC andC++ arealsosupported The secondstepis to registerthe UDF
to thedatabasendassociatéhe JAVA code(writtenin the rst step)with it. Thisis easilyaccomplishedisinga
CREATE FUNCTION SQL statemenf14]. Whenthe UDF is invoked by the databassystemthe codewritten
in stepl is executed.Figure3 lists the pieceof JAVA codethatimplementghe evaluationfunction of the Price
attribute accordingo the preferencesetin Figurel.

import COM.ibm.db2.app.*;
class EvaluationUDF extends UDF

public double PriceEval (double price, double vall, double val2)

{
/*
* Get the slope and end point of the line segment that includes th
* 2 points (vall, 1) and (val2, 0)
* The line segment equationisy =a* x + b;
*
double a =1/ (vall - val2);
double b = -val2 / (vall - val2);
/*
* Return the evaluation for this price
*/
double eval = a * price + b;
return (eval);

Figure3: Evaluation function implementation asa JAVA UDF for the Price attrib ute

The evaluationfunctionsfor the SpeedRAM, CDWriter, andHDSizeattributescanbe expressecasUDFs
in the sameway asthe Priceattribute. Let SpeedEal, RAMEval, CDWriterEval, andHDSizeEal denotethe
UDFs for the Speed,RAM, CDWriter, and HDSize attributesrespectiely. Having expressedhe evaluation
functionsasUDFs,the scoringfunctionality canbe easilyexpressedisingthefollowing SQL query:

SELECTProductlID, Price, SpeedRAM, CDWriter, HDSize(50* PriceEval(Price, 0, 5600)+ 25* SpeedE-
val(Speed 1600, 300) + 25 * RAMEval(RAM/512,32)+ 5 * CDWriterEval(CDNrriter) + 25 * HDSizeE-
val(HDSize))ASScoe

FROM product

ORDERBY Scoe

The above query shaws thatthe scoreof eachproductis computedasa weightedsumaggregation of the
Price,SpeedRAM, CDWriter andHDSizeattributes. The weight of eachattribute is asspeci ed by the “Im-
portance” eld in Figurel. Ratherthanhaving the weightshard-codedn the aborve query a betteralternatve
is to storethe weightsin a separatalatabaseable (called ATTRIBUTE WEIGHT for example)and modify
the abore queryto readtheseweightsfrom the table ATTRIBUTE_WEIGHT. Having the weightsstoredin a
separatéableprovidesmore e xibility becauseisersarelikely to modify theseweightswhile searchindgor the
productthatsuitsthembest. The ATTRIBUTE_WEIGHT tablecanbeimplementedisingjusttwo columns:A
stringto indicatethe fully quali ed attribute nameandanintegerto representhe weightof thatattribute. The
following UDF (writtenin SQL thistime) canbeusedto returnthe weightof a givenattribute :



CREATE FUNCTIONweight(attribute-namechar(30)) RETURNSnteger

LANGUAGE SQLREADSSQLDATANO EXTERML ACTIONDETERMINISTIC
RETURNSELECTweightFROM attribute_ weight WHEREattribute_weigth.attrilute-name= weight.attrilute-
name

The SQL querythatimplementghe scoringfunctionality canthenbe modi ed asfollows to usethis nev UDF :

SELECTProductID, Price, SpeedRAM, CDWriter, HDSize(weight("product.Price™) * PriceEval(Price, 0,
5600)+ weight("product.Speed”¥ SpeedEval(Speeti00,300)+ weight("product. RAM”")* RAMEval(RAM,
512,32)+ weight("product.CDWriter”) * CDWriterEval(CDNriter) + weight("product. HDSize")* HDSizeE-
val(HDSize))ASScoe

FROM product

ORDERBY Scoe

By expressinghe evaluationfunctionasa UDF (or a setof UDFs)the scoringmechanisntanbe expressed
asan SQL queryandthereforetake full adwvantageof the DBMS' queryprocessingngine. The performance
bene t of usingthis approachcanbe signi cant whenthe setof input itemsto which the scoringmechanism
needgo applythe evaluationfunction becomedarge. However, the bene t of improved performancéiasto be
weightedagainstthe actualeffort neededo createtheseUDFs, registerthem,andwrite the appropriateSQL
statementso call them. Therefore we arecurrentlyinvestigatingwaysto automaticallyperformthe described
compilationstepsfrom the XML criteriaspeci cationgiven.

Also, otherauthorshave developedschemdor preference-baseitem scoringanddiscussecow to map
themonto relationaldatabaseajueries. In [1], Agrawal and Wimmersproposeda mechanisnfor represent-
ing andcombiningpreferenceshatis basedon a relationalrepresentationHere preferencesire describedn
databaseablesthat mirror the structureof item tablesand have an additional“score” column containingthe
evaluationof items. A wildcard symbol can be usedinsteadof an item featurevalue to facilitate a concise
descriptionof preferenceshatareindependentf certainitem featurevalues. A specialsymbol(insteadof a
scorebetweer0 and1l) is usedto indicatethe rejectionof items. Combinationof preferencess donethrough
a combinationfunctionthatis implementechasexternalfunction. However, in our opinion,the proposedmech-
anismfor preferencaepresentatioms not sufciently expressie to handlethe rangeof value functionsused
by preference-basegcommendatioapplicationsin particular it seemaunclearhonv numericevaluationrules
shouldberepresenteih anef cient mannerAlso, it seemghatin the proposedschemenitem eitherreceves
anevaluationor is rejected.However, mostrecommendatioapplicationscomputerejectionandevaluationin-
formationindependentlyfrom eachother The work of Hristidis et al. [7] extendsthe work of Agrawal and
Wimmers[1] by illustrating how materializedviews canbe usedto increasethe ef ciency of DB-basedscor
ing. Althoughtheideaof usingmaterializedriews is certainlyattractie, their preferenceepresentatioschema
suffersfrom the sameimitationsof expressienessasthatof Agrawal andWimmers[1].

6 Beyond Simple Value Functions

In the precedingsectionwe discussechow the proposedXML languagefor simple MAUT value functions
couldbemappedo scalablescoringmechanisnusingrelationaldatabas¢éechniquesWe alsoarmguedthatother
proposaldor implementingpreferencdunctionson top of relationaldatabaseare not sufciently expressie
to cover the rangeof value functionsneededby applicationsfor preference-baseilem recommendationn
online productcatalogs. However, the introducedXML preferencefunction representatiotanguageis also
limited in its expressieness. Although we believe that it covers the value functionsthat most preference-
basedtemrecommendatioapplicationsieedto constructwe have alreadyexperiencegracticalsituationghat
requiredcustomextensionsFor example extensionsareneededo allow preferencesegardingvaluesotherthan



numbersaandsymbols(e.g.dates)o be expressedExtensionsarealsoneededo deal e xibly with situationsn
which itemshave multiple featurevalues.Finally, the simplescoringschemealsodoesnot cover situationsthat
requireitemsto beclassi edinto morethanthetwo standardclasse®f “not rejected’and"“rejected”items.We
have startedto experimentwith extendedvaluefunctionrepresentations nd the bestway to combineeasy
speci cationof simplescoringfunctionswith expressie meandor extendingandcustomizingthebasescoring
functionality

Eventuallysuchextensiblevaluefunctionrepresentatiorendtheassociatedcoringmechanismshouldalso
beableto dealwith morecomplex valuefunctionsthathave beenexploredby recentresearctonitemrepresen-
tationandevaluation.For example,in [8] Lukacsstudiedmechanisnfor scoringitemswith underspeci editem
values(suchasatravel time that“might be betweern20 and 30 minutes”). FIPA [13] andWillemot etal. [12]
proposeo describespace®f con gurableitemsasconstraintsatisactionproblems.In addition,Chajevskaet
al. [2], andChinandPoragg3] exploredmechanisms$or dealingwith situationsin which noreliableinforma-
tion is availableregardingthe preferencesi.e. weightsandfeatureevaluationfunctions). The developmentof
descriptionlanguageshat supporteasyand expressie speci cation of suchcomple value functionsremains
future work. Increasingthe scalability of a scoringmechanismby performingthe scoringoperationswithin
the framework of a relationaldatabasesystemis likely to remaina valid approachto increasethe scalability
of scoringmechanismsgven for thesemorecomple situations.Experimentsandempiricalevaluationswill be
neededo furtherexplorethis space.
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