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Abstract

Preference-baseditemrecommendationis an importanttechniqueemployedbyonlineproductcata-
logsfor recommendingitemstobuyers. Whereasthebasicmathematicalmechanismsusedfor computing
valuefunctionsfromstatedpreferencesare relativelysimple, developers of onlinecatalogsneed�exible
formalismsthat supportthedescriptionof a wide range of valuefunctionsandmapto scalableimple-
mentationsfor performingthe required �ltering and evaluationoperations. This paper introducesan
XML language for describingsimplevaluefunctionsthat allow emulatingthebehaviorof commercial
preference-baseditemrecommendationapplications.We alsodiscusshowtherequired scoringopera-
tionscanbeimplementedon topof a commercial RDBMS,andpresentdirectionsfor future research.

1 Intr oduction
OnlineproductcatalogsaretheInternetequivalentto thepapercatalogsusedby mail-orderretailersandcompo-
nentsuppliersto presenttheirproductsto individual customersin business-to-businesscontexts. Similar to their
papercounterparts,they presentinformationaboutproductfeaturesandpossibleuses.In additionto this,online
catalogscanprovide up-to-dateinformationaboutavailability andpricescomputedfor theindividual customer.
A secondadvantageof online catalogsis that they canprovide buyer decisionsupportfunctionality andgive
recommendationsfor itemsin thecatalog.

First-generationonline catalogsonly provide staticHTLM pagesarrangedin a hierarchy. Here terminal
pagesdescribeindividual products,and intermediarycategory pagesprovide the navigational links to lower-
level productcategory pagesandterminalproductpages.First-generationonline catalogsdo not provide any
item recommendationor decisionsupport.On thecontrary, if a buyerneedsto comparea groupof itemsthat
arenotdirectly listedin a prede�nedcategory page,thenthebuyerhasto investaconsiderableamountof work
to �rst identify all therelevantproductpages,thenprint thepagesor manuallyextract therelevant information
into asingledocument,and�nally comparetheinformationto determinethebest�t.

Theinclusionof applicationsfor feature-baseditemretrieval into onlinecatalogshelpsreducethisproblem.
Theseapplicationsfacilitatethetaskof identifying therelevantproducts.They provide buyerswith a product-
classspeci�c form that lets themspecifyrequirementsregardingthe item features.Thus,a userlooking for a
PCcanspecify, for example,thatsheis interestedin buyingaPCwith aPentiumII processorandat least10GB
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of hard-diskspace.Whenreceiving thequery, theretrieval applicationscanstheproductdatabaseandreturnsa
list of productsthatmatchtherequest.Someonlinecatalogsalsoaddedside-by-sidetablesthat list featuresof
user-selecteditemsin a singlecomparisontable– thusrelieving usersfrom having to compilethis information
manuallyonto a singlepage. However, feature-baseditem retrieval is only of limited help if the numberof
productsthatmeetthebuyer's baserequirementsis largeandif sortingthelist accordingto asingleitemfeature
(suchasprice) is not suf�cient becausethebuyerssoft preferencesconsidermorethana singleattribute [11].
Thus,a buyerwho receivesa long list of PCsthatall matchherbaserequirementshasto inspecteachitem to
determinewhich of thesecomputersbestmatcheshersoft preferences.An alternative to manualinspectionis
to go backto theoriginalqueryandentermorerestrictive requirements.While beingfaster, suchastrategy can
leadto theexclusionof itemsthatwouldbebest�ts [9].

Applicationsfor preference-baseditem recommendationhave beendevelopedto addressthis problem. In
additionto allowing buyersto specifytheir hardrequirements,they alsolet buyersexpresstheir “soft” prefer-
ences.Theinformationabouttherequirementsandpreferencesis thenusedto compilea valuefunctionthat is
usedto evaluateandsort items.A numberof commercialapplicationsfor preference-baseditem recommenda-
tion exist. In thenext sectionwe discusstheuserexperiencethesesystemsprovide. We thenpresenta simple
XML representationschemethatallows specifyingtherangeof valuefunctionsthatneedto beconstructedby
therecommendationapplicationsdiscussed.We alsointroduceanXML-basedrule languagethatsupportsthe
explicit representationof how user-providedinformationis mappedto modi�cationsof thebasicvaluefunction.
Finally wediscussissuesrelatedto thescalabilityof thescoringmechanismsthatperformthepreference-based
itemevaluation.

2 Commercial Applications for Preference-basedItem Recommendation
Commercialapplicationsfor preference-baseditem recommendationsuchasPersonaLogic(personaLogic.com),
Active Buyer Guide (www.activeBuyersGuide.com), and the PuchaseSourcesystemdevelopedby Frictionless
(www.frictionless.com) all work in threephases.After an initial phaseof preferenceelicitation, they usethe
elicited informationto constructthe valuefunction. This function is thenusedto evaluateandsort the items,
and�nally displaytheresultinglist to theuser. Below wediscusseachof thesephasesin moredetail.

2.1 PreferenceElicitation
Thebasicmechanismfor preferenceelicitation is exempli�ed by PersonaLogic.Herepreferenceelicitation is
performedby asequenceof dynamicwebpages.Oftentheelicitationstartswith apagepromptingusersfor some
high-level pro�le information. For example, the PersonaLogicrecommendationapplicationfor computers�

providesaninitial dialogthateliciteshow buyersintendto usethecomputer. Buyersareaskedhow oftenthey
intendto usethecomputerfor wordprocessing,games,desktoppublishing,communication,andeducation.

From theseinitial inputs, the PersonaLogicapplicationsderive recommendationsanddefault settingsfor
someof thefeature-relatedrequirementsandpreferences.For example,from thefactthata buyerwantsto play
gamesfrequentlythe PersonaLogiccomputerrecommendationapplicationderives the requirementfor a fast
processor.

In the next elicitation phase(which often spansmultiple screens)all userpreferencesand requirements
relatingto item featuresareelicited.Thus,thePersonaLogiccomputerrecommendationapplicationletsbuyers
enterinformationsuchastheminimummemoryrequirementsandtheimportanceof 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 PersonaLogicapplications still are accessi-
ble; for example a dog recommendationapplication, a pet recommendationapplication, and a careerrecommendationapplica-
tion can be accessedat www.aol.personalogic.com/?product=dogs,aolcom,www.aol.personalogic.com/?product=pets,aolcom,and
www.aol.personalogic.com/?product=career,aolcomrespectively. We have startedanarchive of screen-shotsof suchdisappearingrec-
ommendationapplicationsat thefollowing URL: www.zurich.ibm.com/mrs/recArchive/
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Finally, in the lastelicitationstep,therelative importanceof thedifferentpreferencesis elicited. Thus,the
PersonaLogiccomputerrecommendationapplicationelicits the relative importanceof having a biggerhard-
drive, a fasterprocessor, more RAM, a lower price, more multimediafeatures,and being from a preferred
manufacturer. Similar strategies for preferenceelicitation arealsousedby the Frictionlessrecommendation
component.Active BuyersGuideextendsthis basicpreferenceelicitation procedureby providing additional
helpin settingtherelative importanceof preferences.Insteadof askingbuyersto explicitly provide information
abouttherelative importanceof preferences,buyersarepresentedwith a sequenceof pairwisecomparisonsof
hypotheticalitemsthatonly differ in two features.Thebuyeris thenaskedto provide informationwhether, and
to whichdegree,sheprefersoneof theitems.

Allowing buyersto specifybaserequirementsandpreferencesis consistentwith the disjunctive modelof
decisionmakingobserved in themarketing literature[6] thatassumesconsumersusesomebaserequirements
to eliminatepurchasealternativesandanadditive multi-attribute evaluationfunctionto evaluatetheremaining
alternatives.

2.2 ValueFunction Construction
Wewerenotableto �nd any �rst-hand public informationthatdescribeshow commercialapplicationsconstruct
the value function from the elicited preferenceinformation. However, from the informationelicited and the
evaluationthat itemsreceive, it seemspossibleto emulatetheevaluationbehavior of theseapplicationswith a
scoringmechanismthat interpretsa �ltering expressionanda simpleMulti-Attribute Utility Theory(MAUT)
valuefunction [5]. Thegeneralform of a simpleMAUT function thatcombinestheevaluationsof individual
featuresof agivenitem � asaweightedsumis �����
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2.3 ResultPresentation
After the�lter expressionandthevaluationfunctionhavebeenconstructed,they areappliedto thesetof itemsby
thescoringmechanism.Thescoringmechanisminspectsthefeaturevaluesof eachitem. It determineswhether
theitemmatchesany of the�ltering clauses,determinestheevaluationof eachof theitemfeatures,andcomputes
theoverallevaluationastheweightedsumof thefeatureevaluations.After thisoperationhasbeenperformedfor
eachitem, the�ltered list of evaluateditemsis displayedto theuser. All thepreference-basedrecommendation
applicationssupplybuyerswith a list of itemssortedby their evaluation. However, the applicationsdiffer in
theamountof informationthey provide to usersfor determiningthe�t of the item with thepreferencesstated.
PersonaLogicprovidesthe leastsupportin that it hidestheabsolutequality of �t by alwaysassigningthebest
�tting itemanevaluationof 100%– whichmightbesurprisingto usersthat�nd 100%itemslackingwith respect
to someimportantpreferences.Active BuyersGuide,on theotherhand,providesanabsolutescorethat is less
than100%for thebestitem if it doesnot completelymatchthe statedbuyer preferences.Moreover, for each
item it lists the valuesof featuresthe buyer hasexpressedspecialinterestin. It alsohighlightssomespecial
plusandminuspointsabouteachof theitems.This facilitatesa rapidinspectionof themainitem features.The
FrictionlessPurchaseSourcesystemprovidesuserswith themostdetailedinformationon the�t of itemsto the
statedrequirementsandpreferences� : For eachitemtheusercanseea summarypagethatlists graphicallyhow
well theitemsatis�eseachof thestatedrequirementsandpreferences.

�

Note that theFrictionlessPurchaseSourceapplicationcurrently(August,2001)is no longeravailable. We hopeto includescreen-
shotsalsofrom this applicationin our recommendationapplicationsarchive.
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2.4 PreferenceRevision
After inspectingthelist of evaluateditems,usershave theoptionto returnto thepreferenceelicitationstageof
thedialog,andrevisesomeof theirstatedrequirementsandpreferences.However, noneof therecommendation
applicationsdiscussedheresupportacloseintegrationof iteminspectionandpreferencerevision,asit is possible
in someresearchsystems[11]. They alsodo not supportcritiquingof returneditemsandtheir featurevaluesas
suggestedfor systemsperformingevaluation-orientedprovisioningof productinformation[4].

3 An XML Representationfor SimpleValue Functions
In theprecedingsection,wearguedthattheevaluationbehavior of commercialapplicationsfor preference-based
item recommendationcanbeemulatedwith scoringmechanismthatevaluatesa databaseof itemsaccordingto
a �ltering expressionandasimpleMAUT valuefunction.Wehave devisedanXML representationschemathat
allows such�ltering expressionsandsimpleMAUT valuefunctionsto berepresentedin an integratedfashion.
An exampleXML representationof asimplevaluefunctionis shown in Figure1.

<criteria rootId="root">
               <criterion id="Price" importance="50" must="false" attribute="Price">

               </criterion>

               </criterion>
              <criterion id="CDWriter" importance="5" must="false" attribute="CDWriter">

               </criterion>

               </criterion>
               <criterion id="root" importance="100">
                                     <subCriteria>

</criteria>
               </criterion>
                                     </subCriteria>

               </criterion>

               <criterion id="RAM" importance="25" must="false" attribute="RAM">

               <criterion id="Speed" importance="25" must="false" attribute="Speed">

   

                       <symEval sym="8X">.75</symEval>

               <criterion id="HD Size" importance="25" must="false" attribute="HD">

                                                     <Criterion  ref="Price"/>
                                                     <Criterion  ref="Speed"/>

                                                     <Criterion  ref="CDWriter"/>
                                                     <Criterion ref="RAM"/>

                                                     <Criterion  ref="HD Size"/>

                       <numEval valUnit="$" val1="0" eval1="1" val2="5600" eval2="0"/>

                        <numEval valUnit="mhz" val1="300" eval1="0" val2="1600" eval2="1"/>

                       <numEval valUnit="MB" val1="32" eval1="0" val2="512" eval2="1"/>

                       <symEval sym="12X">1</symEval>

                       <symEval sym="none">0</symEval>
                       <symEval sym="2X">.25</symEval>
                       <symEval sym="4X">.5</symEval>

                       <numEval valUnit="GB" val1="0" eval1="0" val2="50" eval2="1"/>

Figure1: Exampleof XML-based speci�cation of a simple MAUT value function

Using this representationlanguage,a MAUT valuefunction is representedasa treeof evaluationcriteria.
A criterion is eithera terminalor a combinationcriterion. Terminalcriteria (suchasPriceandCDWriter in
Figure1) have a setof evaluationspeci�cationsassub-elementsthatspecifyhow numericandsymbolicvalues
of featuresshouldbeevaluated.Numericevaluationspeci�cations(i.e., thenumEvalsub-elementsof criteria)
allow specifyinghow thenumericvaluesof thecorrespondingitem featureshouldbemappedto anevaluation
between0 and1. In thenumEvalspeci�cationthe“val1” valuespeci�esthestartingpoint of a linear function
and“val2” theend-point;the“eval1” valuespeci�estheevaluationat thestartingpoint “val1” and“eval2” the
evaluationat the endof the interval. The symEvalsub-elementsof criteria specifyhow symbolicvaluesare
mappedto evaluations.Thus,for example,in the criterion CDWriter in Figure1 the evaluationspeci�cation

����� �"!$# % &'# % &)(�*,+.-/*1032 465��876��� �"!$# % &90 implies that itemswith a valueof “8X” for their CDWriter
featurewill receive anevaluationof 0.75for theCDWriter criterion. In additionto thenumEvalandsymEval
evaluationspeci�cationsnumRejectandsymRejectelementscanalsobe included.Theseelements(not shown
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in Figure1) allow hardrequirementsto bespeci�ed for items. Thus,itemsthatmatchtheserejectclauseswill
not be includedin the resultset. The scoringmechanisminterpretingthe XML speci�cationhasto compute
the evaluationand reject valuesindependently. Combinationcriteria suchas “root” combinethe evaluation
andrejectvaluesof their sub-criteriainto singleevaluationandrejectvalues.Scoringmechanismsinterpreting
the XML speci�cationscomputethe evaluationas the weightedsum of the sub-nodeevaluationsusing the
“importance”attributeof criteriaastheweightingfactor. Rejectinformationis propagatedin suchaway thatif
an item is rejectedaccordingto onesub-criterionthathastheattribute “must” setto true, thenthe item is also
rejectedaccordingto thesuper-criterion. Criteriawhere“must” is setto falseonly �ag itemsasunsatisfactory
without rejectingthem.

4 Explicit Representationof Value Function Adaptation Rules
Valuefunctionconstructionfrom userinputcanbedoneby aprogramthatinterpretstheuserinputandgenerates
thevaluefunctionspeci�cation. However, we believe that it is advantageousto make explicit the relationship
betweenuserinput andcon�gurationof thevaluefunction. This way therelationshipremainseasierto under-
standandeasierto maintain. We have thereforecreatedan XML-basedrule languagethat allows specifying
how the basevalue function shouldbe adaptedbasedon userinput. Figure2 shows an exampleof a setof
modi�cation rules.Theproposedlanguagefor criteriamodi�cation includesactionsfor setting,increasing,and
decreasingcriteria importance.It alsoincludesmeansto addrejectconditionsto criteria. In our experiments
with this languagein the context of utility-basedgenerationof salesinterviews [10], we found it suf�ciently
expressive to representhow a basicvaluefunction is to be adaptedto re�ect thepreferencesof the individual
buyer. In particular, in ourexampleswedid notencounteraneedto dynamicallychangethehierarchyof criteria
thatmake up thevaluefunction.

<rules>
          <rule ID="games">
                         <if><answer question="gamer">yes</answer></if>
                         <then><incImportancePerc criterion="Graphics Card">50</incImportancePerc></then></rule>
          <rule ID="price1">
                         <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: Exampleof XML representationof value function adaptation rules

5 Towards ScalableScoring for Preference-basedItem Recommendation
As thesetof input itemsto which thescoringmechanismhasto apply theevaluationfunctionbecomeslarger,
the performanceof the scoringmechanismbecomesincreasinglycritical. Usersare not willing to wait too
long beforethey canaccessthe list of recommendeditemsbeinggenerated.Stand-alonescoringmechanisms
arelikely to opt for implementingsophisticatedalgorithmsandtechniquesto addressthis performanceissue.
Giventhatthesetof input itemsis likely to bestoredin a relationaldatabasea questionarises.Canthescoring
functionality(or at leastsomepartof it) bedelegatedto thedatabasesystem(DBMS)?Wearguethattheanswer
to this questionis an unequivocal yes. Most commercialdatabasesystemssuchas IBM' s DB2 UDB allow
usersto write their own extensionsto SQL. In DB2 UDB a user-de�ned function(UDF) canbeusedto write
extensionsto SQL.By expressingtheevaluationfunctionasa UDF (or a setof UDFs),thescoringmechanism
canbeexpressedasanSQL queryandthereforetake full advantageof theDBMS' queryprocessingengine.

Below wegiveasimpleexampleto illustratehow UDFscanbeusedto helpexpressthescoringfunctionality
asanSQLquery. SupposethatthePrice,Speed,RAM, CDWriter, andHDSizeinformationarerepresentedin a
databasetablecalled“Product”andthatauseris interestedin obtainingasetof PCrecommendationsbasedon
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thepreferencesspeci�edin Figure1.
To expresstheevaluationfunctionfor the“Price” attributeasaUDF two simplestepsarerequired.The�rst

is to write theactualcodethat implementstheevaluationfunction. In anexamplethecodeis written in JAVA
but otherprogramminglanguagessuchasC andC++ arealsosupported.Thesecondstepis to registertheUDF
to thedatabaseandassociatetheJAVA code(writtenin the�rst step)with it. This is easilyaccomplishedusinga
CREATE FUNCTIONSQLstatement[14]. WhentheUDF is invokedby thedatabasesystem,thecodewritten
in step1 is executed.Figure3 lists thepieceof JAVA codethatimplementstheevaluationfunctionof thePrice
attributeaccordingto thepreferencessetin Figure1.

import COM.ibm.db2.app.*;
class EvaluationUDF extends UDF
{
       public double PriceEval (double price, double val1, double val2)
       {
               /*
               * Get the slope and end point of the line segment that includes the
               * 2 points (val1, 1) and (val2, 0)
               * The line segment equation is y = a * x + b;
               */

}

               double a = 1 / (val1 - val2);
               double b = -val2 / (val1 - 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

Theevaluationfunctionsfor theSpeed,RAM, CDWriter, andHDSizeattributescanbeexpressedasUDFs
in thesameway asthePriceattribute. Let SpeedEval, RAMEval, CDWriterEval, andHDSizeEval denotethe
UDFs for the Speed,RAM, CDWriter, andHDSizeattributesrespectively. Having expressedthe evaluation
functionsasUDFs,thescoringfunctionalitycanbeeasilyexpressedusingthefollowing SQL query:

SELECTProduct ID, Price, Speed,RAM,CDWriter, HDSize,(50 * PriceEval(Price, 0, 5600)+ 25 * SpeedE-
val(Speed,1600, 300) + 25 * RAMEval(RAM,512,32)+ 5 * CDWriterEval(CDWriter) + 25 * HDSizeE-
val(HDSize))ASScore
FROM product
ORDERBYScore

The above queryshows that the scoreof eachproductis computedasa weightedsumaggregationof the
Price,Speed,RAM, CDWriter andHDSizeattributes.Theweightof eachattribute is asspeci�ed by the“Im-
portance”�eld in Figure1. Ratherthanhaving theweightshard-codedin theabove query, a betteralternative
is to storethe weightsin a separatedatabasetable (calledATTRIBUTE WEIGHT for example)andmodify
the above queryto readtheseweightsfrom the tableATTRIBUTE WEIGHT. Having the weightsstoredin a
separatetableprovidesmore�e xibility becauseusersarelikely to modify theseweightswhile searchingfor the
productthatsuitsthembest.TheATTRIBUTE WEIGHT tablecanbeimplementedusingjust two columns:A
stringto indicatethefully quali�ed attributenameandaninteger to representtheweightof thatattribute. The
following UDF (written in SQLthis time)canbeusedto returntheweightof agivenattribute:

6



CREATEFUNCTIONweight(attribute-namechar(30))RETURNSinteger
LANGUAGESQLREADSSQLDATA NOEXTERNAL ACTIONDETERMINISTIC
RETURNSELECTweightFROM attribute weightWHEREattribute weigth.attribute-name= weight.attribute-
name

TheSQLquerythatimplementsthescoringfunctionalitycanthenbemodi�ed asfollows to usethisnew UDF :

SELECTProduct ID, Price, Speed,RAM,CDWriter, HDSize,(weight(”product.Price”) * PriceEval(Price, 0,
5600)+ weight(”product.Speed”)* SpeedEval(Speed,1600,300)+ weight(”product.RAM”)* RAMEval(RAM,
512,32)+ weight(”product.CDWriter”) * CDWriterEval(CDWriter) + weight(”product.HDSize”)* HDSizeE-
val(HDSize))ASScore
FROM product
ORDERBYScore

By expressingtheevaluationfunctionasaUDF (or asetof UDFs)thescoringmechanismcanbeexpressed
asan SQL queryandthereforetake full advantageof the DBMS' queryprocessingengine.The performance
bene�t of usingthis approachcanbe signi�cant whenthesetof input itemsto which the scoringmechanism
needsto applytheevaluationfunctionbecomeslarge. However, thebene�t of improvedperformancehasto be
weightedagainstthe actualeffort neededto createtheseUDFs, registerthem,andwrite the appropriateSQL
statementsto call them.Therefore,we arecurrentlyinvestigatingwaysto automaticallyperformthedescribed
compilationstepsfrom theXML criteriaspeci�cationgiven.

Also, otherauthorshave developedschemafor preference-baseditem scoringanddiscussedhow to map
them onto relationaldatabasequeries. In [1], Agrawal and Wimmersproposeda mechanismfor represent-
ing andcombiningpreferencesthat is basedon a relationalrepresentation.Herepreferencesaredescribedin
databasetablesthat mirror the structureof item tablesandhave an additional“score” columncontainingthe
evaluationof items. A wildcard symbol canbe usedinsteadof an item featurevalue to facilitatea concise
descriptionof preferencesthat areindependentof certainitem featurevalues. A specialsymbol(insteadof a
scorebetween0 and1) is usedto indicatetherejectionof items. Combinationof preferencesis donethrough
a combinationfunctionthat is implementedasexternalfunction. However, in our opinion,theproposedmech-
anismfor preferencerepresentationis not suf�ciently expressive to handlethe rangeof value functionsused
by preference-basedrecommendationapplications.In particular, it seemsunclearhow numericevaluationrules
shouldberepresentedin anef�cient manner. Also, it seemsthatin theproposedschemeanitem eitherreceives
anevaluationor is rejected.However, mostrecommendationapplicationscomputerejectionandevaluationin-
formationindependentlyfrom eachother. The work of Hristidis et al. [7] extendsthe work of Agrawal and
Wimmers[1] by illustratinghow materializedviews canbe usedto increasethe ef�ciency of DB-basedscor-
ing. Althoughtheideaof usingmaterializedviews is certainlyattractive, theirpreferencerepresentationschema
suffersfrom thesamelimitationsof expressivenessasthatof Agrawal andWimmers[1].

6 Beyond SimpleValueFunctions
In the precedingsectionwe discussedhow the proposedXML languagefor simple MAUT value functions
couldbemappedto scalablescoringmechanismusingrelationaldatabasetechniques.Wealsoarguedthatother
proposalsfor implementingpreferencefunctionson top of relationaldatabasesarenot suf�ciently expressive
to cover the rangeof value functionsneededby applicationsfor preference-baseditem recommendationin
online productcatalogs. However, the introducedXML preferencefunction representationlanguageis also
limited in its expressiveness. Although we believe that it covers the value functionsthat most preference-
baseditemrecommendationapplicationsneedto construct,wehavealreadyexperiencedpracticalsituationsthat
requiredcustomextensions.Forexample,extensionsareneededto allow preferencesregardingvaluesotherthan
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numbersandsymbols(e.g.dates)to beexpressed.Extensionsarealsoneededto deal�e xibly with situationsin
which itemshave multiple featurevalues.Finally, thesimplescoringschemealsodoesnotcover situationsthat
requireitemsto beclassi�edinto morethanthetwo standardclassesof “not rejected”and“rejected”items.We
have startedto experimentwith extendedvaluefunction representationsto �nd the bestway to combineeasy
speci�cationof simplescoringfunctionswith expressive meansfor extendingandcustomizingthebasescoring
functionality.

Eventuallysuchextensiblevaluefunctionrepresentationsandtheassociatedscoringmechanismsshouldalso
beableto dealwith morecomplex valuefunctionsthathavebeenexploredby recentresearchon itemrepresen-
tationandevaluation.For example,in [8] Lukacsstudiedmechanismfor scoringitemswith under-speci�editem
values(suchasa travel time that “might bebetween20 and30 minutes”). FIPA [13] andWillemot et al. [12]
proposeto describespacesof con�gurableitemsasconstraintsatisfactionproblems.In addition,Chajewskaet
al. [2], andChin andPorage[3] exploredmechanismsfor dealingwith situationsin which no reliableinforma-
tion is availableregardingthepreferences(i.e. weightsandfeatureevaluationfunctions).Thedevelopmentof
descriptionlanguagesthat supporteasyandexpressive speci�cationof suchcomplex valuefunctionsremains
future work. Increasingthe scalabilityof a scoringmechanismby performingthe scoringoperationswithin
the framework of a relationaldatabasesystemis likely to remaina valid approachto increasethe scalability
of scoringmechanismsevenfor thesemorecomplex situations.Experimentsandempiricalevaluationswill be
neededto furtherexplorethisspace.
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