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Abstract. A fundamentaproblemfor case-basedeasoningsystemss how to
selectrelevant prior casesNumerousstratgjies have beendevelopedfor deter
mining the similarity of prior casesgiven full descriptionsof the problemat
hand,andsituationassessmemhethodshave beendevelopedfor formulatingap-
propriateinitial casedescriptionsHowever, in real-world applicationsattempt-
ing to determineall relevant featuresof a new problembeforeretrieval may be
impracticalor impossible Consequentlyhow to guideretrieval basedon partial
problemdescriptionss animportantquestionfor CBR. This paperexaminesthe
problemof assessingimilarity in partially-describeadaseslt proposes setof
similarity assessmerstrat@iesfor handlingmissinginformation,evaluategheir
performancendef ciency on sampledatasets,anddiscussesheir tradeofs.

1 Intr oduction

Case-baserkasonindCBR) systemssolve new problemsby retrieving casesapturing
the solutionsof similar prior problems,and adaptingtheir solutionsto t new needs.
Determiningthe mostrelevant prior casesis a fundamentalissuefor CBR systems,
andmayrequirespecialmethodsvhenafull casedescriptionis notimmediatelyavail-
able.For example,in a commonappliedCBR approachg¢orversational CBR(CCBR)
(Aha& Breslav 1997),usersbuild up a problemdescriptiorby successiely answering
questionsasthesystemincrementallyrankscandidateasesandquestiondasednthe
partialinformationavailable. The moreaccuratehe distancemeasuraisedin this pro-
cessthemorequickly the systemwill be ableto point the userto the mostapplicable
casesLikewise,the ability to rank casedasedn partialinformationmaybe essential
whenfeaturevaluesare costly to determineor simply unavailable. Thusan important
issuefor CBRis how to assesthesimilarity of partial problemdescriptions—problems
with incompletefeaturedescriptions.

Considerablattentionhasbeendevotedto the procesf re ning initial problem
descriptionghroughsituationassessmer{iKolodner1993), and handlingincomplete
problem descriptionsis a fundamentalproblemfor CCBR. In diagnostictasks,for
example,only a partial set of featuresmay initially be available. Consequentlyev-
ery CCBRsystemincludesmethodsfor handlingincrementally-lilt casedescriptions,
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andresearcthasaddressedhe problemof decidingwhich featuresto requestwhen
elaboratinga partially-described¢aseduring CCBR (e.g.,(Carricket al. 1999)).How-

ever, comparatiely little attentionhasbeengivento examiningalternative similarity

assessmemhethodgfor casewith missingfeaturesA betterunderstandingf theper

formanceof alternatve stratayies,their tradeofs, andtheir applicability, could enable
moreeffectiveretrieval of partially-describedasesndcouldalsoprovide usefulinfor-

mationfor guidingthe CCBR processBecauseasesdn the casebasemaythemseles
have partial descriptionsunderstandindnow to handlepartial descriptionscould also
bevaluablefor casebasemaintenancélLeale etal. 2001),to determinevhenandhow

to augmenpartialdescriptionof storedcases.

Thispaperrst discussegeneraissuesaffectingsimilarity judgmentdor partially-
describedcaseslt then examinesa setof similarity assessmerstratgies, including
two simple baselinestratgjiesandtwo more comple stratgjies designedo take ad-
vantageof informationofferedby the casebaseto predictfeaturevalues.Thestratgies
applyto feature-ectorrepresentatiornfor ary ordinalfeaturesij.e.,featuresvhoseval-
uesbelongto anorderedset;thesemay be numeric,or maybelongto othercategories
providedthat notionsof distanceandaveragecanbe de ned (e.g.,for a nite set,the
“average”might be determinedby a vote). The rst method,Default Difference is a
baselinemethodwhich simply assignsa x ed default distancewheneer the valuesof
oneor bothfeaturesaremissing(e.g.,if thisdistances 0, missingfeaturesareassumed
to matchperfectly). The remainingmethodsuseadditionalinformationextractedfrom
the casebaseasa whole: Full Mean anotherbaselinefreatseachmissingvalueasif
it were the meanfeaturevalue. NN Meantakes a similar approachhut relieson lo-
cal information, usingthe meanvaluesof “nearby” casesA dravbackof NN Mean
is its increasedxpenseto computethe predictedfeaturevalue,which canbe extreme
whenmary casesmustbe comparedo the currentsituation.Region Mean addresses
this problemby generatinga casebaseof prototypicalcasesproviding a local approx-
imationto useto predictmissingfeatureswithout additionalcomputationFinally, we
considerthe useof compositemethodsnvolving combinationsof thesestratgyies.An
experimentalevaluationcompareq1) the ability of eachmethodto selectthe most
similar casesfor differing levels of partialinformation—whichre ects the numberof
questionghat mustbe answeredor a CCBR systemto achieve a desiredlevel of ac-
curagy, (2) their ef ciency at providing their information,and(3) the potentialbene t
of combinedstratagyies.After comparingtheseperformanceassueswe developgeneral
hypothese$or theapplicability of themethodsandtheir tradeofs.

1.1 Handling Unknown Features

A simple exampleillustratesthe subtlety of handlingunknown features.Considera
domainin which casearedescribedy afeaturevectorof four features|f 1;f,; f3;f 4],
andfor which the systemmustsolve a problemp, for which only the valuesof the rst
threeare known: [5:0; 6:0; 7:0; ]. Let distance(py; p2) denotethe distancebetween
two problemsp; andp,. Supposéhatthe casebasecontainstwo casesg;, described
by [5:1;6:0; ; ]andc, describedby [5:0; ; ; ]. Notethatin thefollowing, we
will usethe nameof the caseasa shorthandor referringto the problemit solves.



In orderto selectthe right case the systemmustpredictwhetherdistance(p;c1)
or distance(p; cz) is smaller More featuresof ¢; areknown thanc;; this guarantees
thatc; [1] hasno differencefrom p[1], andc, [0] hasanapparentlysmalldifferencefrom
p[0]. However, ¢, mightbe morepromising.Because,[0] hasno differencefrom p[0],
the potentialminimum differencebetweenc, andp is smaller eventhoughselecting
¢, entailsmorerisk, dueto possibledifferencesn the unknavn features.Lik ewise,
a differenceof 0:1 betweenp[0] and c;1[0] could be important,and perhapseven so
signi cant thatthe exactmatchon featurel is inconsequentialT husdetermininghow
to treatmissingfeaturesdepend®n both (1) theimportanceof known differencesand
(2) thepotentiaimportanceof unknavn featuresgiventheirlik ely valuesandtheusers
toleranceor thelevel of uncertaintythatthey entailfor the quality of results.

Eventheselectiorof quality measurenayinvolve subtleconsiderationd=or exam-
ple, possiblequality measuregould include rank quality, which measureiow close
thetop-ranledcasesareto the actualbestmatch,or—if the speci ¢ valuesof the pre-
dicteddistancesreimportant—theerror in the distanceprediction.For example,error
might be importantin medicaldomains,if a differentialdiagnosisacceptsa diagnosis
whenit appearssufciently superiorto its competitors Error may also be important
whenthe systemprovidesthe userwith distanceestimatego help guidethe choiceof
casego examine.

2 Strategiesfor Handling Unspeci ed Features

For ary particulardomain,domainknowledge may suggestspeci ¢ assumptionor
stratgiesfor handlingpartially-describegroblems Herewe examinesimpledomain-
independenstratgiesfor assigningdistancedbetweerpairsof correspondindeatures,
within the framework of the standardlistancefunction:
S A
distance(ry;ry) = wi[d(r1[i]; r2[iD]?
I

If F; representshe setof possiblefeaturevaluesfor thei™ feature,includinga value
usedto designatainknovn featuresthesearefunctionsd; : F;  F; ! [0;1 ).

2.1 Default Differ ence(x)

A simplebaselinestratay is to treatthe distancedbetweenunknowvn featuresaszero.
Thiscorrespondto atypical stratey of consideringonly differencesn known features.
This approactcanbe generalizedo assigna x ed default difference x, whenever ei-
therfeatureis unknawn. DefaultDifferencéx), thecorrespondingimilarity assessment
strat@y, is de ned as:

(
di(rafil;r2fi]) =

r1[i] and/orr[i] unknavn
jri[il] ro[i]j otherwise

DefaultDifferencewith x equalto 0 canbe seenasan“optimistic” measureWhen
X equalsd, acompletelyunknonvn problemhasdistanced from all casesthis mightbe



consideredppropriatédbecausevery cases potentiallya perfectmatch.Alternatively,
if the maximumpossiblefeaturedistancesare boundedand equalacrossall features,
settingx to themaximalpossibledifferencecorrespondso a “pessimistic’'measure.

This simplemetricillustratesaninterestingasymmetnjpetweerhandlingpartially-
speci ed input problemsand handling stored caseswhose problem descriptionsare
partially-speci ed.Whenstoredcasesncludecompleteproblemdescriptionsdifferent
valuesof x may changethe magnitudeof computedifferencevaluesandthe spacing
betweercasegankedby similarity, but will notaffectthe casesrankingby difference
values However, if featuresmay be missingfrom problemdescriptionsn storedcases
aswell asinput casesjncreasesn x may changethe ranking, causingthe metric to
favor storedcasegor which morefeaturesareknown.

Default Differenceassumes x eddifferencefor a pair of featureswhenever they
aremissingfrom eithertheinput caseor a storedcase A problemwith this simpleap-
proachis thatit mayneglectusefulinformation:if a problemfeaturein eithertheinput
or storedcasehasan atypicalvalue, it is reasonabléo considerthe missingfeatures
valuelesslik ely to besimilar. Thisshouldaffectthepredictionof agoodmatchbetween
the casesbut Default Differencedoesnot take thisinto accountThe next method Full
Mean addressethis de ciency.

2.2 Full Mean

Full Meanexploits globalfeatureinformationto estimatemissingvalues by replacing
missingfeaturevalueswith themeanvaluesfor thosefeaturesvhencalculatingsimilar-
ity. If thefeatureis notknown in ary of the storedcasesit assignhsa default difference
valuex. More formally, let

CasesKnowingF eature(i; CB) = fc 2 CBjf; knownin cg

andlet (i; CB;x), the averageof known value of featurei in the casebase,with
defaultx for completelyunknovn featurespede ned by:

P ,
( CasesK now ing F eatur e(i;C B) C[I]
(i; CB : X) = jCasesK now ing F eatur e(i;C B)j

CasesKnowing F eature(i; CB) 6
otherwise

Thenwith Full Mean

d(ry[i];r2[i]) = jEstimatedV alue(ry;i; X) EstimatedV alue(rz;i; X)j

where
rlil r[i]is known

E stimatedV alue(r;i; x) = ; .
(i; CB;x) otherwise

Becausehe meansfor eachfeaturein the casebasecanbe precomputedfine and

updatedcheaplyonlineascasesareaddedor removed,thisis alow-coststrateyy.
Although Full Mean makes betteruseof global featureinformationthan Default

Difference it haspotentialdrawbacks.First, like all average-basedpproache this



paper it considersonly the averagefeaturevalue,independenbf the features distri-

bution (which might be bettercapturedge.g.,by the meanor mode).Secondit ignores
possibledependenciebetweerfeaturesalthoughthe expectedvalue of a featuremay
changedramaticallybasedon the value of otherfeaturesFor example,evenif the av-

erageage of passengecarsis 8 years,predicting8 yearsof agefor a car would be
misleadingf it werealsoknown thatthe carhadonly beendriven100kilometers.The
next stratgy, NN Mean attemptdo betterre ect local dependencieby takinga more
case-basedpproachusingsimilar casedo predictfeaturevalues.

2.3 NN Mean

NearestNeighborMean,or NN Mean respondgo Full Mearis problemswith a more
case-basedpproachpredictingfeaturevaluesbasedon the valuesof similar caseslts
premiseis thatnearbycasewill begoodpredictorsof featurevalues.Intuitively, if r[i]
is unknavn andN ear,; is the setof all casemearr thatknow featurei, thena good
predictoris the averagefeaturevalueover N ear, . . Unfortunatelythereis onecatchto
this approachDe ning “nearby” casegequirespredictinginter-casedistanceswhich
is thevery problemthatNN Meanis intendedo address.

In NN Mean we addresghis problemby recursvely draving on the distancemet-
rics from this paperfor the“internal” similarity computationFor example DefaultDif-
ferencéx) canbe usedasaninternalstratgy to estimatedistancedor nding nearby
casesandthenthek closesttasesor all casewithin a distancethresholdcanbeused
to obtaina meanaccordingto NN Mean We will denotethe “internal” strateyy asan
argumentto NN Mean asin NN MeanDefault Differencéx)). If featuredependence
informationis available (thoughthis oftenis not the case) anadditionalvarianton the
NN Meanstratgy is to useonly the dependenteaturesn the searchfor nearbycases.
We call this approacitNN MeanD ep.

NN Meanis anexpensve stratgy. Unlike Full Mean the averagevaluesfor a fea-
turecannotbe precomputedyecausehey dependbnr. No matterwhatinternalstratey
is used,ataminimumanew retrieval is requiredfor eachunknawn feature.

2.4 RegionMean

Region Mean attemptsto avoid the expenseof NN Meanyet maintainits advantages
over Full Meanby precomputinghearmeansat variouspointsin the casespaceand
predictingmeanshasedon the nearesprecomputeaasedo the input problem.In the
of ine processtheprecomputatioralgorithmis:

— Clusterthecasebaseand nd a prototypefor eachclass.We applyk-medoidclus-
tering?!
— For eachprototypep;
For eachfeaturei

! k-medoidclusteringis robust to outliers and independenbf the orderin which objectsare
consideredFor a comparisonwith other clusteringmethods,see(Kaufman& Rousseeuw
1990).



Let Classy, ;i bethe setof casedn the equivalenceclasswith prototype
p thatknow featurei. Determine (i; Classy, ;i;x), the meanvalue of
featurei overClass,, ;i, asfollows:

8p

< c2 Class pj i cli]
(i, Classy ;i;x) =, IClassp;i]
T X otherwise

Class,, ;i 6

Theonlinecomputatiorfor Region Meanis analogouso Full Mean Thekey differ-
enceisthatE stimatedV alue(r; i; x) retrievesthep; closestor, anduses (i; Classy, ;i; X),
insteadof Full Mearls (i; CB;x).

As for NN Mean an internal differencemetric is required,this time to determine
the nearesprototypep; tor, aswell asto measurehe differencebetweerproblemsin
clustering.Again this canbe found by recursvely usingary methoddescribedn this
paperprovidedthe nal methods de ned.For example DefaultDifferencégx) couldbe
usedfor nding thenearesprototypeandfor clustering We would denotethis strateyy
asReaion Mear(DefaultDifferencéx)).

2.5 CompositeStrategiesExploiting Dependencyinf ormation

If informationcanbe obtainedaboutfeaturedependencies—whiamay itself be a sig-
ni cant challenge—itmaybebene cial to applya compositestratey, usingonestrat-
egy for independenteaturesandanotherfor dependenteatures.

If afeatureis independentthen,by de nition, the valuesof otherfeaturesarenot
helpful in predictingits value. Thus the bestthat can be hopedfor is to simply use
global information such as the averagevalue acrossthe entire casebase;that is, to
useFull Mean Becausd-ull Meanis inexpensve to computeijt is an obvious choice
givena priori knowledgethata featureis independentOnly whenhandlingdependent
featuresareotherstratgiesmuchmorelikely to be successful.

Becauseompositestratgiesuseonestratgy for independenteaturesandanother
for dependenfeatures,we write themin the form independent-stategy/depemlert-
strategy. For example,a compositestratgy using Full Meanfor independenteatures
andRagion MeanDefaultDifferenc€0)) for dependenteaturess written Full Mean/-
Region MeanDefault Differenc€0)).

3 Experiments

The previousdiscussioraisesa numberof generalquestionsor comparingsimilarity
assessmerstratgiesfor partial problemdescriptions:

1. Theirefciency

2. Theiraccurag for rankingcandidatecases

3. Theiraccurag for estimatingdifferenceevelsbetweercandidatecases
4. Theiraccurag whendifferentlevelsof informationareavailable

It alsoraisessomestratgy-speci ¢ questionspn how performances affectedby:



1. Choiceof internalstrateyy for NN Mean

2. Clustercountduringinitial clusteringfor Region Mean

3. Internalstrateyy for Region Mean

4. Compositestratgieswith differentmethodgor independent/dependefietatures

To answerthesequestionswe testedthe previous strat@iesfor a numberof domains.
Our experimentsfocusedon the ability of the methodsto identify similar casesvhen
someinputfeaturesveremissing,primarily for casebasesn which all caseshadcom-
pleteproblemdescriptions.

3.1 PerformanceMeasures
Threeperformancaneasuresvereusedin theexperiments:

— Time: The ef ciency of the approachess comparedby measuringhe CPUtime
requiredfor thestratgiesto calculatedistancevaluesbetweerthetargetandall the
casesn the casebase.

— Normalized Absolute Err or: Givenastratgy s, a partially-describedargetprob-
lem f generatedy removing featurevaluesfrom a completely-describedroblem
t, anda casec in the casebase we de ne the absoluteerror asthe differencebe-
tweentheactualdistancedetweert andc, andthedistancepredictedvhenonly f
is known: errors(f; p) = jdistance(t; c)  distances(f} c)j.

This metric is usefulwithin a domain,to indicateof how misleadinga predicted
distancevaluemay be.However, it maybelessusefulfor comparingperformance
acrosglomainsbpecausd is sensitve to factorssuchasscalingof distancevalues.
In orderto facilitatecomparisorof errorsacrossdomainswe normalizeabsolute
errorsonto [0, 1], by dividing the absolutedistanceby the maximum obsened

distancein that casebase(the distancebetweenthe two maximally distantcases
in the casebase).Our resultsreportthe percentof maximumobsened distance
betweercases.

— Rank Quality: The rank quality measureae ects the ability of a distancemetric
to generatea rankingin which the quality of the top suggestedasesds similar to
the quality of the top caseswvhich would be suggestedf all featureswvereknown.
Given a stratgy s anda partial problemf, rgs measureshe percentincreasen
distancebetweentheinput problemandthe top suggestedasescomparedo the
truetop casesThusit measurefiow muchworsethetop suggestedasesarewhen
only f, ratherthant, is known. To re ect thatusersin a CCBR systemmaybemost
likely to focus on the top-ranked casespour metric weightssuggestionsy their
orderin theranking: having a top-ranled caseclosestto the real top-ranled case
is considerednostimportant,with lowerrankedsuggestiongessimportant.More
preciselylet ClosestProbbethe problemof the casethatis nearesto t (whenall
featuresareknown). Therankquality ratiois de ned as:
ros = P p V(P) ratio (p) , whereratio(p) = distance (t;p)

p W(p) distance (t;C losestP rob)

andw(p) is a functionthatassignsa weightto ratio(p) thatfavors higherranked
caseslet ranks(p) bethe 0-basedank of problemp accordingto stratey s. In



ourexperimentswe setw(p) = max(5 ranks(p); 0). Thus,only thetop 5 cases
hadanon-zeroweight.

Note that normalizedabsoluteerror and rank quality both measurehe ability of the
stratgyiesto predictreal inter-casedistancesaccordingto a given distancemeasure.
They do not directly comparesolutionaccuraciesywhich would dependon the quality
of thegivendistancaneasure.

3.2 Experimental Domains

The experimentswere conductedn four domains threefrom the University of Cali-
fornia, Irvine, MachineLearningRepository(Blake & Merz 1998),andonearti cial
domainto obsene performancdor strongly-correlategiroblemdescriptiorfeatures:

1. Ecoli: 336casesy numericalfeaturespredictingoneof 8 proteinlocalizationsites.

2. Pima: 768 cases8 numericalfeaturespredictingpositive or negative diabetegest
resultsin membersf the PimaNative Americanpopulation.

3. Liver: 345casesp numericafeaturespredictingthepresencer absencef aliver
disorder

4. Dep7:Arti cial domain,300 cases,/ numericalfeatures predictinga single nu-
mericalvalue.Therearestrongdependenciesetweerthefeaturesfo N (0; 10),
fi N(fo;2),f2  N(f# fo;10),fs N0 ), fa  N(sin(fs);10),
fs N(10;20),f¢ N( 20;10).

For all experimentsthe underlyingsimilarity metric wasthe Euclideandistancefunc-
tion of section2, with all featuregyivenaweightof 1.

3.3 General Procedure

All implementationsand experimentswere done using the IndianaUniversity Case-
BasedReasonindg-rameavork (IUCBRF) (Bogaerts& Leake 2004).IUCBRFis a Java
framework, freely-availablefor researchgesignedo facilitaterapidandmodularCBR
systemdevelopment.The generalexperimentalprocedurevasasfollows. Let t bethe
fully known targetproblem,f* a partial target problemgeneratedy removing features
of t, p aproblem(fully known) from a casein the casebase ands a similarity assess-
mentstratgy. All experimentsveredonefor eachfeaturepredictionstratgy, andwere
repeatedB00timesperstratgy (exceptasstatedotherwise)with resultsaveragedFor
eachfeaturepredictionstrateyy s, stepswere:

— Performary requirednitialization (e.g.,ary stratey involving Region Meanbuilds
apartitionof the casebase)
Performleave-one-outesting.For eachcasec in thecasebase,

Hide ¢, andusec asthe basisfor generatinga partial targetf. Initially, no
featuresof f' arerevealed.
For eachcasec in CB - f tg, measuralistances(c;f) accordingo stratey
s, andsortthe casebaseby thesedistances.
Obtainperformanceneasurementasdescribedibore



If £= t, exit loop.

Elserandomlychoosea featureto “reveal” in f (obtainedfrom t), andloop.
Therandomchoicesimulatesa userpresentinga featureto the systempoutside
thesystems control.

Thusfor eacht, datais collectedfor eachstratgy's calculateddistancedetweernthe
targetproblemandtheremaindeiof thecasebasefrom 0 featureof thetargetproblem
revealedthroughall its featuresevealed.

3.4 Classef Tests
Therewerethreeclasse®f experimentswith differentindependentariables:

1. Cross-DomairComparison\We comparecperformancdor 12 stratgjiesandvari-
ants for four casebase®of 300caseswith Region Meanbasedn partitionscreated
from 20 clusters.

2. ClusterCountComparisonPerformancef the 12 stratgieswascomparedo three
versionof Reggion Mean respectrely using50, 20, and6 clustersgachfor thefull
ecoli casebaseof 336cases.

3. Comparisonfor Unknowvn Featuresn the CaseBase:Insteadof using a fully-
known casebase,asis donein the other experimentclassesthis experimentas-
sessegberformancevith partially-described¢asesn thecasebasefor 100%,75%,
50%,and25% chancehata featurein the casebaseis known. This usedthe Pima
casebaseof 768 caseswith Region Meanusing10 clusters.

4 Results

Thecomparatie resultsin eachof the UCI domainswvereremarkablysimilar. Figurel
illustratesthemwith examplesfrom the Pimadomain.Figurel (a) lists the rangeof
stratgiesconsideredn the experimentsHowever, becaussomestratgieshadalmost
identicalperformanceonly asubsebf linesis includedin each gure, with similarities
describedn thetext.

4.1 Cross-DomainComparison

Figurel (b) shavsthenormalizedabsoluteerrorasafunctionof thenumberof features
known, for selectedstratgiesin thepimadomain NotethatDefaultDifferencé0) is the
worststratgy, with Full Meanin next to lastplacewhen4 or morefeaturesaareknown.
Full MeanRggion Mearn(Default Differencg0)) initially performsworse,but becomes
comparableo NN MeanDefault Differenc€0)) when4 or more featuresare known.
Thecompetetie performancef Full Meanis interestingn light of its muchlower cost
thanNN MeanDefaultDifferenc€0)), asshavn in Figurel (c).

Figure 1 (c) compareghe stratgyies' ef ciency. NN Mear(Full Mean is slowest,
followed by NN Mean(Default Differenc€0)), NN MeanDefault Difference€0)) Dep,
andFull Mear’NN Mean(Default Differenc€0)). The remainingstratgies,essentially
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Strategy Error,| Error,| Time,| Time,

4 Known|6 Known |4 Known|6 Known
DefaultDifferencg0) 0.0710 0.0363 5.70 6.03
Full Mean 0.0451 0.0265 8.77 8.10
NN Mear(Default Differencg0)) 0.0379 0.0209 6671.06 3332.7(
NN Mear(Full Mear) 0.0447 0.026010583.2% 4663.49
Reagion Mear(Default Differencg0)) 0.0392 0.0226 9.88 8.75
Region Mear(Full Mean 0.0433 0.0247 10.23 8.96
Reagion Mean(NN Mean(Default Differenc€0))) 0.0373 0.0209 476.92 243.49
Full Mear’INN Mearn(Default Differenc€0)) 0.038Q0 0.0209 4776.4% 2566.61
Full Mear’INN Mear(Default Differenc€0)) Dep 0.0374 0.0209 4648.30 2552.2%
NN Mear(DefaultDifferencé0)) Dep 0.0374 0.0209 6175.21 3305.66
Full MeanfRegion Mean(Default Differenc€0)) 0.0389 0.0225 10.48 9.07,
Full MearfRegion Mean(NN Mear(DefaultDifferencg0)))| 0.0373 0.0209  10.51 9.07,

Table 1. MeanErrorsfor Pima

all thosenotinvolving NN Meanexceptasaprototype nder of Region Mean werefast,
requiring5-12msonaSunBlade1000(750Mz)to rankall casesn the pimadomain.
Figure 1 (d) shaws the rank quality for selectedstratgyiesin the pima domain.
Note that this graphcan also be usedto determinethe numberof questionson av-
eragethata CCBRsystemwould requireto achieve a particularrank quality. HereFull
Meangenerallyhasthe worst performancefollowed by Default Differenc€0). Region
Mean(DefaultDifferenc€0)) andFull MeanRegion Mear(Default Differencd0)) start
comparatrely poorly, but catchup quickly to NN Mear(DefaultDifferencg0)) andFull
Mean(NN Mean(DefaultDifferencg0))) D ep. Table1l summarizeperformancédor all

thestratgjiestestedfor 4 and6 featureknown.

4.2 Cluster Count Comparison

In this experimentalsetup the Region Meanstratgieswererunfor 6, 20,and50 clus-
ters,in the ecoli domainwith a casebaseof 336 casesNote that theseclustercounts
correspondo approximately\2%, 6%, and15% of the numberof cases.

Figure2 (a) shavs a sampleof results for Region Mear(NN Mear(Default Differ-
enc0))). In thelinesin this gure, pointsmarkedwith  correspondo performance
for 50 clusters, to 20clustersand4 to 6 clusters.Theresultsshov smallimprove-
mentswhenmoreclustersareused,but alsoshav thatthe behaior is generallyrobust
to the clustercount. Theseresultsweretypical for eachof the Region Meanstrateies,
and alsofor the rank quality measureThis suggestghat low clustercountsmay be
sufcient. Becausespeedncreasesvith lower clustercounts this resultis encouraging
for theef ciency of ReggionMean

Therelative processingimesversusclustercountswerealsoconsistenacrosseach
of the Reggion Meanstratgies.Experimentshavedthatstratgieswith 6 clusterswvere
fastestfollowedby 20, with 50 the slowest,althoughfor eachclustercountthe differ-
encein computatiortimewasfairly small. Thisis asexpectedfewer clusteradecreases
timeto nd the applicablecluster but evenfor alarge numberof clustersthereareat
mostafew dozenmoreprototypeshatmustbeexaminedto nd thenearestlusterand
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Fig. 2. (a). Theerrorfor RegionMear{NN Mear(DefaultDifferenc€0))) for 50,20,and6 clusters.
is for 50 clusters, isfor 20,and4 is for 6. (b) Errorin Full Mean/ Region Mean(Deéult
Difference(0)¥or achanceknown of 100%(+ ), 75%(4 ), 50%( ), and25%/( ).

thedifferencehaslimited effect on executiontime dueto therelatively larger constant
overheacdcostof the strateyy.

4.3 ChanceKnown Comparison

In this experimentaketup,eachstratgy's performancavasexaminedfor varyinglev-
els of missinginformationin the casebase,in the pima domain,with 768 casesAs
discussedbove, previous experimentsuseda fully-known casebase(a 100%chance
thata casein the casebaseknows ary givenfeature).This setup,however, examines
not only a 100% chanceknown, but also 75%, 50%, and 25%. Runswererepeatech
minimumof 186—270times,with resultsaveraged.

Figure2 (b) shavstheerrorusingFull Mean/ Region Mean(Dehult Difference(0))
for achanceknown of 100%(+), 75% (4 ), 50%/( ), and25%/( ). Notethat,asex-
pectederrorincreasessthechanceahatafeaturein thecasebasdas unknovnincreases.
Resultswerevery similar for the otherstrategies.



5 Discussion

The experimentsillustrate a numberof interestingproperties First, we note that the
commonly-usedrivial stratgjies, Default Differencg0) and Full Mean consistently
producecomparatiely poorresults,asshowvn in the error andrank quality measures.
Thuswe would expecta considerabléoostto the predictionaccurag of aCBR system
facedwith partialproblemg(or a conversationalCBR systemin whichnotall questions
have beenansweredor a givensessionwhenary of the moreadvancedstratgjiesare
used.

The resultsalso provide informationto help in selectinga more advancedstrat-
egy. As hypothesizedind experimentallyveri ed, stratgiesinvolving NN Mean are
prohibitively slow, requiringon the orderof severalsecondgo sorta fully-known case
baseof afew hundreccasesgainsiasinglepartialproblem.However, theReggionMean
stratgiesweredevelopedo addresshis arefairly fastandprovide comparableccurate
to NN Meanstrat@ies.

It is interestingto notethatin limited circumstancesNN Mean may still be ap-
propriate.Speci cally, experimentsshav that Region Mean(NN Mean(Default Differ-
enc€0))) (andthe relatedcompositemethod)is not slowed down dramaticallyby the
useof aNN Meanstrat@y asits prototype nder. This canbe explainedbecausewhen
thecasebaseis fully-known, thereis only onepartialproblem thetarget,for whichthe
nearestlustermustbefound.Thus,NN Meanmustbe usedonly onceto determinghe
nearestluster Oncethenearestlusteris determinedthe meanvaluesassociateavith
thatclustercanbeusedfor thepartialproblemin comparingt with theentirecasebase.
In fact,for a partial casebase oncethe partitionis createdoff-line, the nearestluster
of ary caseis alreadyknown and neednot be recomputedSo evenfor a partial case
base NN Meanmustonly be computecbncefor atargetpartial problem.

If information regardingthe dependencéetweenfeaturesis available (either as
domainknowledge,or calculatedvia statisticalanalysis)hena compositenethodcan
beusedAs aguedabove, Full Meanis the suitablewhenafeatureis independentand
stratgy for dependenteatureshoulduseRegion Mean Assumingthatthedependence
informationis accuratea compositemethodshouldbe just asaccuratepr even more
accuratethanthedependenpartaloneappliedto all featuresin addition,becausé-ull
Meanis fast,a compositenethodof theform Full MeanRegion Meanwould befaster
thanReagion Meanalone,appliedto all features.

We note that noneof the approachegxploit statisticalinformation aboutfeature
distributions.Whenthatinformationis available,it may provide even more usefulin-
formation.An areafor futurestudyis theapplicationof therepresentativenessssump-
tion (Smyth& McKennal999)to useexisting casesn the casebaseto estimatdeature
valuedistributions.

6 RelatedWork

Distancemetricshave beenthe subjectof extensie studyin CBR (e.g.,(Wettschereck,
Aha, & Mohri 1997;Bergmann2002)). CCBR systemanustalwaysincludemethods
for handlingpartially describegroblemsanda numberof methodshave beenapplied.



Onecommonapproachn CBR andinstance-baseltkarningis to assumea maximal
differencebetweemmissingfeatureqWitten & Frank2000,p. 115),whichis similarto
DefaultDifferencéx) for alargevalueof x.

To ourknowledge how to handlemissingfeaturesn distancemetricsandthetrade-
offs betweeralternatve stratgjieshave recevedonly limited studyin the CBR commu-
nity. However, missingfeatureshave beenconsideredn anumberof studiesn machine
learning.For example,in decisiontreeinduction,Mingers(1989)usesastratey similar
to Full Meanaswell asa stratgy thatassignghe mostcommonfeaturevalueamong
traininginstancesvith the sameclassi cation,andQuinlan(1993)usesprobability in-
formationon featurevalueswhile descendingnultiple pathsof the tree. Otherwork
hasexaminedthetheoreticalearnabilityof atargetfunctionwhenfeaturesaremissing
(Decatur& Gennaral995;Goldman Kwek, & Scott1997).

CBR researcthasexaminedhow to selectthe next questionto askin a dialogue
(Aha, Breslov, & Munoz-Avila 2001; Kohlmaier Schmitt, & Bergmann2001),and
how to selectusefulsetsof casego presenin light of similarity anddiversityconcerns
(Smyth& McGinty 2003). McSherry (2003) studiesa relatedproblem, the determi-
nationof whenrecommendationlialoguescanbe terminatedwithout loss of solution
quality, andcomparesheef ciency of alternatie attribution-selectiorstratgies,given
asimilarity metricin the spirit of DefaultDifferenc€0). However, theseapproacheas-
sumea pre-&isting methodfor assessingimilarity basedon partialdescriptionsthey
do not examinewhich similarity metricsto use.Increasedinderstandin@f how to as-
sesssimilarity for partial descriptionscould have substantiabene ts both for CCBR
andfor case-basetecommendesystems.

7 Conclusion

Beingableto retrieve appropriatecaseshasedon partialinformation,is afundamental
problemfor CCBR systemsThis paperexaminesalternatve stratgiesfor addressing
this problem. It comparesa set of differencemeasuresgvaluatestheir performance
and ef ciency on sampledatasets,and discussesheir tradeofs as suggestedy the
experimentslt identi es dif culties in handlingpartial problemdescriptionghat may
not beinitially apparentillustrateshigh-costhigh-accurag stratgjiesbasedon CBR,
andshows thatthey may be effectively approximatedy moreef cient methodsThis
work providesa setof tools for building distancemetricsfor incompletely-described
casesandprovidesaninitial foundationfor furtherstudyof thisarea.
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