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Abstract. A fundamentalproblemfor case-basedreasoningsystemsis how to
selectrelevant prior cases.Numerousstrategieshave beendevelopedfor deter-
mining the similarity of prior cases,given full descriptionsof the problemat
hand,andsituationassessmentmethodshavebeendevelopedfor formulatingap-
propriateinitial casedescriptions.However, in real-world applications,attempt-
ing to determineall relevant featuresof a new problembeforeretrieval may be
impracticalor impossible.Consequently, how to guideretrieval basedon partial
problemdescriptionsis animportantquestionfor CBR.Thispaperexaminesthe
problemof assessingsimilarity in partially-describedcases.It proposesa setof
similarity assessmentstrategiesfor handlingmissinginformation,evaluatestheir
performanceandef�ciency on sampledatasets,anddiscussestheir tradeoffs.

1 Intr oduction

Case-basedreasoning(CBR)systemssolvenew problemsby retrieving casescapturing
the solutionsof similar prior problems,andadaptingtheir solutionsto �t new needs.
Determiningthe most relevant prior casesis a fundamentalissuefor CBR systems,
andmayrequirespecialmethodswhena full casedescriptionis not immediatelyavail-
able.For example,in a commonappliedCBR approach,conversationalCBR(CCBR)
(Aha& Breslow 1997),usersbuild upaproblemdescriptionby successively answering
questions,asthesystemincrementallyrankscandidatecasesandquestionsbasedonthe
partial informationavailable.Themoreaccuratethedistancemeasureusedin this pro-
cess,themorequickly thesystemwill beableto point theuserto themostapplicable
cases.Likewise,theability to rankcasesbasedon partialinformationmaybeessential
whenfeaturevaluesarecostly to determineor simply unavailable.Thusan important
issuefor CBRis how to assessthesimilarity of partial problemdescriptions—problems
with incompletefeaturedescriptions.

Considerableattentionhasbeendevotedto the processof re�ning initial problem
descriptionsthroughsituationassessment(Kolodner1993),andhandlingincomplete
problem descriptionsis a fundamentalproblem for CCBR. In diagnostictasks,for
example,only a partial set of featuresmay initially be available.Consequently, ev-
eryCCBRsystemincludesmethodsfor handlingincrementally-built casedescriptions,
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and researchhasaddressedthe problemof decidingwhich featuresto requestwhen
elaboratinga partially-describedcaseduringCCBR(e.g.,(Carricket al. 1999)).How-
ever, comparatively little attentionhasbeengiven to examiningalternative similarity
assessmentmethodsfor caseswith missingfeatures.A betterunderstandingof theper-
formanceof alternative strategies,their tradeoffs, andtheir applicability, couldenable
moreeffectiveretrieval of partially-describedcasesandcouldalsoprovideusefulinfor-
mationfor guidingtheCCBRprocess.Becausecasesin thecasebasemaythemselves
have partial descriptions,understandinghow to handlepartial descriptionscould also
bevaluablefor casebasemaintenance(Leakeetal. 2001),to determinewhenandhow
to augmentpartialdescriptionsof storedcases.

Thispaper�rst discussesgeneralissuesaffectingsimilarity judgmentsfor partially-
describedcases.It thenexaminesa setof similarity assessmentstrategies, including
two simplebaselinestrategiesandtwo morecomplex strategiesdesignedto take ad-
vantageof informationofferedby thecasebaseto predictfeaturevalues.Thestrategies
applyto feature-vectorrepresentationsfor any ordinalfeatures,i.e.,featureswhoseval-
uesbelongto anorderedset;thesemaybenumeric,or maybelongto othercategories
providedthatnotionsof distanceandaveragecanbede�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 eddefault distancewhenever thevaluesof
oneor bothfeaturesaremissing(e.g.,if thisdistanceis 0, missingfeaturesareassumed
to matchperfectly).Theremainingmethodsuseadditionalinformationextractedfrom
thecasebaseasa whole:Full Mean, anotherbaseline,treatseachmissingvalueasif
it were the meanfeaturevalue.NN Mean takesa similar approach,but relieson lo-
cal information,usingthe meanvaluesof “near-by” cases.A drawbackof NN Mean
is its increasedexpenseto computethepredictedfeaturevalue,which canbeextreme
whenmany casesmustbe comparedto the currentsituation.Region Meanaddresses
this problemby generatinga casebaseof prototypicalcases,providing a local approx-
imation to useto predictmissingfeatureswithout additionalcomputation.Finally, we
considertheuseof compositemethodsinvolving combinationsof thesestrategies.An
experimentalevaluationcompares(1) the ability of eachmethodto selectthe most
similar cases,for differing levelsof partial information—whichre�ects thenumberof
questionsthatmustbe answeredfor a CCBR systemto achieve a desiredlevel of ac-
curacy, (2) their ef�ciency at providing their information,and(3) thepotentialbene�t
of combinedstrategies.After comparingtheseperformanceissues,we developgeneral
hypothesesfor theapplicabilityof themethodsandtheir tradeoffs.

1.1 Handling Unknown Features

A simple exampleillustratesthe subtletyof handlingunknown features.Considera
domainin whichcasesaredescribedby afeaturevectorof four features,[f 1; f 2; f 3; f 4],
andfor which thesystemmustsolvea problemp, for whichonly thevaluesof the�rst
threeareknown: [5:0; 6:0; 7:0; � ]. Let distance(p1; p2) denotethe distancebetween
two problemsp1 andp2. Supposethat thecasebasecontainstwo cases,c1, described
by [5:1; 6:0; � ; � ] andc2, describedby [5:0; � ; � ; � ]. Note that in the following, we
will usethenameof thecaseasashorthandfor referringto theproblemit solves.



In orderto selectthe right case,the systemmustpredictwhetherdistance(p;c1)
or distance(p;c2) is smaller. More featuresof c1 areknown thanc2; this guarantees
thatc1[1] hasnodifferencefrom p[1], andc1[0] hasanapparentlysmalldifferencefrom
p[0]. However, c2 mightbemorepromising.Becausec2[0] hasnodifferencefrom p[0],
the potentialminimum differencebetweenc2 andp is smaller, even thoughselecting
c2 entailsmore risk, due to possibledifferencesin the unknown features.Likewise,
a differenceof 0:1 betweenp[0] and c1[0] could be important,and perhapseven so
signi�cant that theexactmatchon feature1 is inconsequential.Thusdetermininghow
to treatmissingfeaturesdependson both(1) theimportanceof known differencesand
(2) thepotentialimportanceof unknownfeatures,giventheir likely valuesandtheuser's
tolerancefor thelevel of uncertaintythatthey entailfor thequalityof results.

Eventheselectionof qualitymeasuremayinvolvesubtleconsiderations.For exam-
ple, possiblequality measurescould includerank quality, which measureshow close
thetop-rankedcasesareto theactualbestmatch,or—if thespeci�c valuesof thepre-
dicteddistancesareimportant—theerror in thedistanceprediction.For example,error
might be importantin medicaldomains,if a differentialdiagnosisacceptsa diagnosis
when it appearssuf�ciently superiorto its competitors.Error may alsobe important
whenthesystemprovidestheuserwith distanceestimatesto helpguidethechoiceof
casesto examine.

2 Strategiesfor Handling Unspeci�ed Features

For any particulardomain,domainknowledgemay suggestspeci�c assumptionsor
strategiesfor handlingpartially-describedproblems.Herewe examinesimpledomain-
independentstrategiesfor assigningdistancesbetweenpairsof correspondingfeatures,
within theframework of thestandarddistancefunction:

distance(r 1; r2) =

s X

i

wi [d(r1[i ]; r2[i ])]2

If Fi representsthesetof possiblefeaturevaluesfor the i th feature,includinga value
usedto designateunknown features,thesearefunctionsdi : Fi � Fi ! [0; 1 ).

2.1 Default Differ ence(x)

A simplebaselinestrategy is to treatthedistancesbetweenunknown featuresaszero.
Thiscorrespondsto atypicalstrategyof consideringonlydifferencesin knownfeatures.
This approachcanbegeneralizedto assigna �x eddefault difference,x, whenever ei-
therfeatureis unknown.DefaultDifference(x), thecorrespondingsimilarity assessment
strategy, is de�ned as:

di (r1[i ]; r2[i ]) =

(
x r1[i ] and/orr2[i ] unknown
jr1[i ] � r2[i ]j otherwise

DefaultDifferencewith x equalto 0 canbeseenasan“optimistic” measure.When
x equals0, a completelyunknown problemhasdistance0 from all cases;this might be



consideredappropriatebecauseeverycaseis potentiallya perfectmatch.Alternatively,
if the maximumpossiblefeaturedistancesareboundedandequalacrossall features,
settingx to themaximalpossibledifferencecorrespondsto a “pessimistic”measure.

Thissimplemetricillustratesaninterestingasymmetrybetweenhandlingpartially-
speci�ed input problemsand handlingstored caseswhoseproblemdescriptionsare
partially-speci�ed.Whenstoredcasesincludecompleteproblemdescriptions,different
valuesof x maychangethemagnitudeof computeddifferencevaluesandthespacing
betweencasesrankedby similarity, but will notaffect thecases'rankingby difference
values.However, if featuresmaybemissingfrom problemdescriptionsin storedcases
aswell as input cases,increasesin x may changethe ranking,causingthe metric to
favor storedcasesfor whichmorefeaturesareknown.

DefaultDifferenceassumesa �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 reasonableto considerthemissingfeature's
valuelesslikely to besimilar. Thisshouldaffectthepredictionof agoodmatchbetween
thecases,but DefaultDifferencedoesnot take this into account.Thenext method,Full
Mean, addressesthis de�ciency.

2.2 Full Mean

Full Meanexploits globalfeatureinformationto estimatemissingvalues,by replacing
missingfeaturevalueswith themeanvaluesfor thosefeatureswhencalculatingsimilar-
ity. If thefeatureis not known in any of thestoredcases,it assignsa default difference
valuex. More formally, let

CasesKnowingF eature(i; CB ) = f c 2 CB jf i known in cg

and let � (i; CB ; x), the averageof known value of featurei in the casebase,with
default x for completelyunknown features,bede�ned by:

� (i; CB ; x) =

( P
C asesK now ing F eatur e( i;C B ) c[i ]

jC asesK now ing F eatur e( i;C B ) j CasesKnowingF eature(i; CB ) 6= �

x otherwise

Thenwith Full Mean,

d(r1[i ]; r2[i ]) = jEstimatedV alue(r 1; i; x) � EstimatedV alue(r 2; i; x)j

where

EstimatedV alue(r; i; x) =

(
r [i ] r [i ] is known
� (i; CB ; x) otherwise

Becausethe meansfor eachfeaturein the casebasecanbe precomputedof�ine and
updatedcheaplyonlineascasesareaddedor removed,this is a low-coststrategy.

Although Full Meanmakesbetteruseof global featureinformationthanDefault
Difference, it haspotentialdrawbacks.First, like all average-basedapproachesin this



paper, it considersonly the averagefeaturevalue,independentof the feature's distri-
bution (which might bebettercaptured,e.g.,by themeanor mode).Second,it ignores
possibledependenciesbetweenfeatures,althoughtheexpectedvalueof a featuremay
changedramaticallybasedon thevalueof otherfeatures.For example,evenif theav-
erageageof passengercarsis 8 years,predicting8 yearsof agefor a car would be
misleadingif it werealsoknown thatthecarhadonly beendriven100kilometers.The
next strategy, NN Mean, attemptsto betterre�ect local dependenciesby takinga more
case-basedapproach,usingsimilar casesto predictfeaturevalues.

2.3 NN Mean

NearestNeighborMean,or NN Mean, respondsto Full Mean's problemswith a more
case-basedapproach,predictingfeaturevaluesbasedon thevaluesof similar cases.Its
premiseis thatnearbycaseswill begoodpredictorsof featurevalues.Intuitively, if r [i ]
is unknown andN earr ;i is thesetof all casesnearr thatknow featurei , thena good
predictoris theaveragefeaturevalueoverN earr ;i . Unfortunately, thereis onecatchto
this approach:De�ning “nearby” casesrequirespredictinginter-casedistances,which
is theveryproblemthatNN Meanis intendedto address.

In NN Mean, we addressthis problemby recursively drawing on thedistancemet-
ricsfrom thispaperfor the“internal” similarity computation.For example,DefaultDif-
ference(x) canbe usedasan internalstrategy to estimatedistancesfor �nding nearby
cases,andthenthek closestcases,or all caseswithin a distancethreshold,canbeused
to obtaina meanaccordingto NN Mean. We will denotethe “internal” strategy asan
argumentto NN Mean, as in NN Mean(Default Difference(x)). If featuredependence
informationis available(thoughthis oftenis not thecase),anadditionalvarianton the
NN Meanstrategy is to useonly thedependentfeaturesin thesearchfor nearbycases.
We call this approachNNMeanDep.

NN Meanis anexpensivestrategy. Unlike Full Mean, theaveragevaluesfor a fea-
turecannotbeprecomputed,becausethey dependonr . No matterwhatinternalstrategy
is used,at aminimumanew retrieval is requiredfor eachunknown feature.

2.4 RegionMean

Region Meanattemptsto avoid the expenseof NN Meanyet maintainits advantages
over Full Meanby precomputingnearmeansat variouspoints in the casespace,and
predictingmeansbasedon thenearestprecomputedcasesto the input problem.In the
of�ine process,theprecomputationalgorithmis:

– Clusterthecasebaseand�nd a prototypefor eachclass.We applyk-medoidclus-
tering.1

– For eachprototypepj

� For eachfeaturei
1 k-medoidclusteringis robust to outliersand independentof the order in which objectsare

considered.For a comparisonwith other clusteringmethods,see(Kaufman& Rousseeuw
1990).



� Let Classpj ;i be the setof casesin the equivalenceclasswith prototype
pj that know featurei . Determine� (i; Classpj ;i ; x), the meanvalueof
featurei overClasspj ;i , asfollows:

� (i; Classpj ;i ; x) =

8
<

:

P
c 2 C lass p j ;i

c[i ]

jC lass p j ;i j Classpj ;i 6= �

x otherwise

Theonlinecomputationfor RegionMeanis analogousto Full Mean. Thekey differ-
enceis thatEstimatedV alue(r; i; x) retrievesthepj closestto r , anduses� (i; Classpj ;i ; x),
insteadof Full Mean's � (i; CB ; x).

As for NN Mean, an internaldifferencemetric is required,this time to determine
thenearestprototypepj to r , aswell asto measurethedifferencebetweenproblemsin
clustering.Again this canbe foundby recursively usingany methoddescribedin this
paper, providedthe�nal methodis de�ned.For example,DefaultDifference(x) couldbe
usedfor �nding thenearestprototypeandfor clustering.Wewoulddenotethisstrategy
asRegionMean(DefaultDifference(x)).

2.5 CompositeStrategiesExploiting DependencyInf ormation

If informationcanbeobtainedaboutfeaturedependencies—whichmayitself bea sig-
ni�cant challenge—itmaybebene�cial to applya compositestrategy, usingonestrat-
egy for independentfeaturesandanotherfor dependentfeatures.

If a featureis independent,then,by de�nition, thevaluesof otherfeaturesarenot
helpful in predictingits value.Thus the bestthat can be hopedfor is to simply use
global information suchas the averagevalue acrossthe entire casebase;that is, to
useFull Mean. BecauseFull Meanis inexpensive to compute,it is anobviouschoice
givena priori knowledgethata featureis independent.Only whenhandlingdependent
featuresareotherstrategiesmuchmorelikely to besuccessful.

Becausecompositestrategiesuseonestrategy for independentfeaturesandanother
for dependentfeatures,we write them in the form independent-strategy/dependent-
strategy. For example,a compositestrategy usingFull Meanfor independentfeatures
andRegion Mean(DefaultDifference(0)) for dependentfeaturesis written Full Mean/-
RegionMean(DefaultDifference(0)).

3 Experiments

Thepreviousdiscussionraisesa numberof generalquestionsfor comparingsimilarity
assessmentstrategiesfor partialproblemdescriptions:

1. Their ef�ciency
2. Their accuracy for rankingcandidatecases
3. Their accuracy for estimatingdifferencelevelsbetweencandidatecases
4. Their accuracy whendifferentlevelsof informationareavailable

It alsoraisessomestrategy-speci�c questions,onhow performanceis affectedby:



1. Choiceof internalstrategy for NN Mean
2. Clustercountduringinitial clusteringfor RegionMean
3. Internalstrategy for RegionMean
4. Compositestrategieswith differentmethodsfor independent/dependentfeatures

To answerthesequestions,we testedthepreviousstrategiesfor a numberof domains.
Our experimentsfocusedon theability of themethodsto identify similar caseswhen
someinput featuresweremissing,primarily for casebasesin whichall caseshadcom-
pleteproblemdescriptions.

3.1 PerformanceMeasures

Threeperformancemeasureswereusedin theexperiments:

– Time: The ef�ciency of theapproachesis comparedby measuringtheCPU time
requiredfor thestrategiesto calculatedistancevaluesbetweenthetargetandall the
casesin thecasebase.

– Normalized AbsoluteErr or: Givenastrategy s, apartially-describedtargetprob-
lem t̂ generatedby removing featurevaluesfrom a completely-describedproblem
t, anda casec in thecasebase,we de�ne theabsoluteerror asthedifferencebe-
tweentheactualdistancesbetweent andc, andthedistancepredictedwhenonly t̂
is known: errors(t̂ ; p) = jdistance(t; c) � distances(t̂; c)j.
This metric is usefulwithin a domain,to indicateof how misleadinga predicted
distancevaluemaybe.However, it maybelessusefulfor comparingperformance
acrossdomains,becauseit is sensitive to factorssuchasscalingof distancevalues.
In orderto facilitatecomparisonof errorsacrossdomains,we normalizeabsolute
errorsonto [0, 1], by dividing the absolutedistanceby the maximumobserved
distancein that casebase(the distancebetweenthe two maximally distantcases
in the casebase).Our resultsreport the percentof maximumobserved distance
betweencases.

– Rank Quality: The rank quality measurere�ects the ability of a distancemetric
to generatea rankingin which thequality of the top suggestedcasesis similar to
thequality of the top caseswhich would besuggestedif all featureswereknown.
Given a strategy s anda partial problemt̂, r qs measuresthe percentincreasein
distancebetweenthe input problemandthe top suggestedcases,comparedto the
truetopcases.Thusit measureshow muchworsethetopsuggestedcasesarewhen
only t̂, ratherthant, is known.To re�ect thatusersin aCCBRsystemmaybemost
likely to focuson the top-ranked cases,our metric weightssuggestionsby their
orderin the ranking:having a top-rankedcaseclosestto the real top-rankedcase
is consideredmostimportant,with lower-rankedsuggestionslessimportant.More
precisely, let ClosestProbbetheproblemof thecasethatis nearestto t (whenall
featuresareknown). Therankquality ratio is de�ned as:

rqs =
P

p w(p) � r atio (p)
P

p w(p) , whereratio(p) = distance ( t;p )
distance ( t;C losestP r ob)

andw(p) is a function thatassignsa weight to ratio(p) that favorshigher-ranked
cases.Let ranks(p) be the0-basedrankof problemp accordingto strategy s. In



ourexperiments,wesetw(p) = max(5 � ranks(p); 0). Thus,only thetop5 cases
hadanon-zeroweight.

Note that normalizedabsoluteerror andrank quality both measurethe ability of the
strategies to predict real inter-casedistances,accordingto a given distancemeasure.
They do not directly comparesolutionaccuracies,which would dependon thequality
of thegivendistancemeasure.

3.2 Experimental Domains

The experimentswereconductedin four domains,threefrom the Universityof Cali-
fornia, Irvine, MachineLearningRepository(Blake & Merz 1998),andonearti�cial
domainto observeperformancefor strongly-correlatedproblemdescriptionfeatures:

1. Ecoli: 336cases,7 numericalfeatures,predictingoneof 8 proteinlocalizationsites.
2. Pima:768cases,8 numericalfeatures,predictingpositive or negativediabetestest

resultsin membersof thePimaNativeAmericanpopulation.
3. Liver:345cases,6 numericalfeatures,predictingthepresenceor absenceof a liver

disorder.
4. Dep7:Arti�cial domain,300 cases,7 numericalfeatures,predictinga singlenu-

mericalvalue.Therearestrongdependenciesbetweenthefeatures:f 0 � N (0; 10),
f 1 � N (f 0; 2), f 2 � N (f 2

1 � f 0; 10), f 3 � N (0; � ), f 4 � N (sin (f 3); 10),
f 5 � N (10; 20), f 6 � N (� 20; 10).

For all experiments,theunderlyingsimilarity metricwastheEuclideandistancefunc-
tion of section2, with all featuresgivena weightof 1.

3.3 GeneralProcedure

All implementationsand experimentswere doneusing the IndianaUniversity Case-
BasedReasoningFramework (IUCBRF) (Bogaerts& Leake 2004).IUCBRF is a Java
framework, freely-availablefor research,designedto facilitaterapidandmodularCBR
systemdevelopment.Thegeneralexperimentalprocedurewasasfollows.Let t bethe
fully known targetproblem,t̂ a partial targetproblemgeneratedby removing features
of t, p a problem(fully known) from a casein thecasebase,ands a similarity assess-
mentstrategy. All experimentsweredonefor eachfeaturepredictionstrategy, andwere
repeated300timesperstrategy (exceptasstatedotherwise),with resultsaveraged.For
eachfeaturepredictionstrategy s, stepswere:

– Performany requiredinitialization(e.g.,any strategy involving RegionMeanbuilds
a partitionof thecasebase)

� Performleave-one-outtesting.For eachcasec in thecasebase,
� Hide c, andusec asthebasisfor generatinga partial target t̂ . Initially, no

featuresof t̂ arerevealed.
� For eachcasec in CB - f tg, measuredistances(c; t̂) accordingto strategy

s, andsortthecasebaseby thesedistances.
� Obtainperformancemeasurementsasdescribedabove



� If t̂ = t, exit loop.
� Elserandomlychoosea featureto “reveal” in t̂ (obtainedfrom t), and loop.

Therandomchoicesimulatesauserpresentinga featureto thesystem,outside
thesystem'scontrol.

Thusfor eacht, datais collectedfor eachstrategy's calculateddistancesbetweenthe
targetproblemandtheremainderof thecasebase,from 0 featuresof thetargetproblem
revealed,throughall its featuresrevealed.

3.4 Classesof Tests

Therewerethreeclassesof experiments,with differentindependentvariables:

1. Cross-DomainComparison:We comparedperformancefor 12 strategiesandvari-
ants,for four casebasesof 300cases,with RegionMeanbasedonpartitionscreated
from 20clusters.

2. ClusterCountComparison:Performanceof the12strategieswascomparedto three
versionsof RegionMean, respectively using50,20,and6 clusters,eachfor thefull
ecoli casebaseof 336cases.

3. Comparisonfor Unknown Featuresin the CaseBase:Insteadof using a fully-
known casebase,as is donein the otherexperimentclasses,this experimentas-
sessedperformancewith partially-describedcasesin thecasebase,for 100%,75%,
50%,and25%chancethata featurein thecasebaseis known. This usedthePima
casebaseof 768cases,with RegionMeanusing10clusters.

4 Results

Thecomparativeresultsin eachof theUCI domainswereremarkablysimilar. Figure1
illustratesthemwith examplesfrom the Pimadomain.Figure1 (a) lists the rangeof
strategiesconsideredin theexperiments.However, becausesomestrategieshadalmost
identicalperformance,only asubsetof linesis includedin each�gure, with similarities
describedin thetext.

4.1 Cross-DomainComparison

Figure1 (b) showsthenormalizedabsoluteerrorasafunctionof thenumberof features
known,for selectedstrategiesin thepimadomain.NotethatDefaultDifference(0) is the
worststrategy, with Full Meanin next to lastplacewhen4 or morefeaturesareknown.
Full Mean/Region Mean(DefaultDifference(0)) initially performsworse,but becomes
comparableto NN Mean(Default Difference(0)) when4 or morefeaturesareknown.
Thecompetetiveperformanceof Full Meanis interestingin light of its muchlowercost
thanNNMean(DefaultDifference(0)), asshown in Figure1 (c).

Figure1 (c) comparesthe strategies' ef�ciency. NN Mean(Full Mean) is slowest,
followed by NN Mean(Default Difference(0)), NN Mean(Default Difference(0)) Dep,
andFull Mean/NN Mean(DefaultDifference(0)). Theremainingstrategies,essentially
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(b) MeanErrorsfor Pima.
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(c) Retrieval Timesfor Pima(ms).

2 3 4 5 6 7 8

1.
5

2.
0

2.
5

3.
0

3.
5

4.
0

4.
5

5.
0

Features Known

R
an

k 
Q

ua
lit

y

(d) RankQuality for Pima.

Fig.1.a.Legendfor (b), (c), and(d).b. Errorversusnumberof featuresknown, for selectedstrategies.
c. Time in ms to selecttop-ranked caseversusnumberof featuresknown, for selectedstrategies.d.
Rankquality ratiosversusnumberof featuresknown, for selectedstrategies.



Strategy Err or, Err or, Time, Time,
4 Known 6 Known 4 Known 6 Known

DefaultDifference(0) 0.0710 0.0363 5.70 6.03
Full Mean 0.0451 0.0265 8.77 8.10
NNMean(DefaultDifference(0)) 0.0379 0.0209 6671.06 3332.70
NNMean(Full Mean) 0.0447 0.026010583.25 4663.49
RegionMean(DefaultDifference(0)) 0.0392 0.0226 9.88 8.75
RegionMean(Full Mean) 0.0433 0.0247 10.23 8.96
RegionMean(NN Mean(DefaultDifference(0))) 0.0373 0.0209 476.92 243.49
Full Mean/NN Mean(DefaultDifference(0)) 0.0380 0.0209 4776.45 2566.61
Full Mean/NN Mean(DefaultDifference(0)) Dep 0.0374 0.0209 4648.30 2552.25
NNMean(DefaultDifference(0)) Dep 0.0374 0.0209 6175.21 3305.66
Full Mean/Region Mean(DefaultDifference(0)) 0.0389 0.0225 10.48 9.07
Full Mean/Region Mean(NN Mean(DefaultDifference(0))) 0.0373 0.0209 10.51 9.07

Table1. MeanErrorsfor Pima

all thosenotinvolving NNMeanexceptasaprototype�nder of RegionMean, werefast,
requiring5-12msonaSunBlade1000(750Mz)to rankall casesin thepimadomain.

Figure 1 (d) shows the rank quality for selectedstrategies in the pima domain.
Note that this graphcan also be usedto determinethe numberof questions,on av-
erage,thataCCBRsystemwouldrequireto achieveaparticularrankquality. HereFull
Meangenerallyhastheworstperformance,followedby DefaultDifference(0). Region
Mean(DefaultDifference(0)) andFull Mean/Region Mean(DefaultDifference(0)) start
comparativelypoorly, but catchupquickly to NNMean(DefaultDifference(0)) andFull
Mean(NN Mean(DefaultDifference(0))) Dep. Table1 summarizesperformancefor all
thestrategiestested,for 4 and6 featuresknown.

4.2 Cluster Count Comparison

In this experimentalsetup,theRegion Meanstrategieswererun for 6, 20,and50 clus-
ters,in theecoli domainwith a casebaseof 336cases.Note that theseclustercounts
correspondto approximately2%,6%,and15%of thenumberof cases.

Figure2 (a) shows a sampleof results,for Region Mean(NN Mean(DefaultDiffer-
ence(0))). In the lines in this �gure, pointsmarkedwith � correspondto performance
for 50 clusters,� to 20 clusters,and4 to 6 clusters.Theresultsshow small improve-
mentswhenmoreclustersareused,but alsoshow thatthebehavior is generallyrobust
to theclustercount.Theseresultsweretypical for eachof theRegion Meanstrategies,
andalso for the rank quality measure.This suggeststhat low clustercountsmay be
suf�cient. Becausespeedincreaseswith lowerclustercounts,this resultis encouraging
for theef�ciency of RegionMean.

Therelativeprocessingtimesversusclustercountswerealsoconsistentacrosseach
of theRegionMeanstrategies.Experimentsshowedthatstrategieswith 6 clusterswere
fastest,followedby 20,with 50 theslowest,althoughfor eachclustercountthediffer-
encein computationtimewasfairly small.This is asexpected:Fewerclustersdecreases
time to �nd theapplicablecluster, but evenfor a largenumberof clusters,thereareat
mostafew dozenmoreprototypesthatmustbeexaminedto �nd thenearestcluster, and
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(a)Effect of ClusterCounton Errorsfor
Region MeanStrategies.
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Fig.2. (a).Theerrorfor RegionMean(NNMean(DefaultDifference(0))) for 50,20,and6 clusters.
� is for 50 clusters,� is for 20, and4 is for 6. (b) Error in Full Mean/ Region Mean(Default
Difference(0))for a chanceknown of 100%(+ ), 75%(4 ), 50%(
 ), and25%(� ).

thedifferencehaslimited effect on executiontime dueto therelatively largerconstant
overheadcostof thestrategy.

4.3 ChanceKnown Comparison

In this experimentalsetup,eachstrategy's performancewasexaminedfor varyinglev-
els of missinginformation in the casebase,in the pima domain,with 768 cases.As
discussedabove, previousexperimentsuseda fully-known casebase(a 100%chance
that a casein the casebaseknows any given feature).This setup,however, examines
not only a 100%chanceknown, but also75%,50%,and25%.Runswererepeateda
minimumof 186–270times,with resultsaveraged.

Figure2 (b) showstheerrorusingFull Mean/ RegionMean(DefaultDifference(0))
for a chanceknown of 100%(+), 75%(4 ), 50%(
 ), and25%(� ). Note that,asex-
pected,errorincreasesasthechancethatafeaturein thecasebaseis unknownincreases.
Resultswereverysimilar for theotherstrategies.



5 Discussion

The experimentsillustratea numberof interestingproperties.First, we note that the
commonly-usedtrivial strategies,Default Difference(0) and Full Mean, consistently
producecomparatively poor results,asshown in theerror andrankquality measures.
Thuswewouldexpectaconsiderableboostto thepredictionaccuracy of aCBRsystem
facedwith partialproblems(or aconversationalCBRsystemin whichnotall questions
have beenansweredfor a givensession)whenany of themoreadvancedstrategiesare
used.

The resultsalso provide information to help in selectinga more advancedstrat-
egy. As hypothesizedandexperimentallyveri�ed, strategies involving NN Mean are
prohibitively slow, requiringon theorderof severalsecondsto sorta fully-known case
baseof afew hundredcasesagainstasinglepartialproblem.However, theRegionMean
strategiesweredevelopedto addressthisarefairly fastandprovidecomparableaccurate
to NN Meanstrategies.

It is interestingto note that in limited circumstances,NN Mean may still be ap-
propriate.Speci�cally, experimentsshow thatRegion Mean(NN Mean(DefaultDiffer-
ence(0))) (andthe relatedcompositemethod)is not slowed down dramaticallyby the
useof aNNMeanstrategy asits prototype�nder. Thiscanbeexplainedbecause,when
thecasebaseis fully-known, thereis only onepartialproblem,thetarget,for whichthe
nearestclustermustbefound.Thus,NNMeanmustbeusedonly onceto determinethe
nearestcluster. Oncethenearestclusteris determined,themeanvaluesassociatedwith
thatclustercanbeusedfor thepartialproblemin comparingit with theentirecasebase.
In fact,for a partialcasebase,oncethepartition is createdoff-line, thenearestcluster
of any caseis alreadyknown andneednot be recomputed.So even for a partial case
base,NN Meanmustonly becomputedoncefor a targetpartialproblem.

If information regardingthe dependencebetweenfeaturesis available (either as
domainknowledge,or calculatedvia statisticalanalysis)thena compositemethodcan
beused.As arguedabove,Full Meanis thesuitablewhena featureis independent,and
strategy for dependentfeaturesshoulduseRegionMean. Assumingthatthedependence
informationis accurate,a compositemethodshouldbe just asaccurate,or evenmore
accurate,thanthedependentpartaloneappliedto all features.In addition,becauseFull
Meanis fast,a compositemethodof theform Full Mean/RegionMeanwould befaster
thanRegionMeanalone,appliedto all features.

We note that noneof the approachesexploit statisticalinformationaboutfeature
distributions.Whenthat informationis available,it mayprovide evenmoreusefulin-
formation.An areafor futurestudyis theapplicationof therepresentativenessassump-
tion (Smyth& McKenna1999)to useexistingcasesin thecasebaseto estimatefeature
valuedistributions.

6 RelatedWork

Distancemetricshavebeenthesubjectof extensivestudyin CBR (e.g.,(Wettschereck,
Aha, & Mohri 1997;Bergmann2002)).CCBRsystemsmustalwaysincludemethods
for handlingpartiallydescribedproblems,andanumberof methodshavebeenapplied.



Onecommonapproachin CBR and instance-basedlearningis to assumea maximal
differencebetweenmissingfeatures(Witten& Frank2000,p. 115),which is similar to
DefaultDifference(x) for a largevalueof x.

To ourknowledge,how to handlemissingfeaturesin distancemetricsandthetrade-
offs betweenalternativestrategieshavereceivedonly limited studyin theCBRcommu-
nity. However, missingfeatureshavebeenconsideredin anumberof studiesin machine
learning.For example,in decisiontreeinduction,Mingers(1989)usesastrategysimilar
to Full Meanaswell asa strategy thatassignsthemostcommonfeaturevalueamong
traininginstanceswith thesameclassi�cation,andQuinlan(1993)usesprobabilityin-
formationon featurevalueswhile descendingmultiple pathsof the tree.Otherwork
hasexaminedthetheoreticallearnabilityof a targetfunctionwhenfeaturesaremissing
(Decatur& Gennaro1995;Goldman,Kwek, & Scott1997).

CBR researchhasexaminedhow to selectthe next questionto ask in a dialogue
(Aha, Breslow, & Munoz-Avila 2001; Kohlmaier, Schmitt,& Bergmann2001),and
how to selectusefulsetsof casesto presentin light of similarity anddiversityconcerns
(Smyth & McGinty 2003).McSherry(2003) studiesa relatedproblem,the determi-
nationof whenrecommendationdialoguescanbe terminatedwithout lossof solution
quality, andcomparestheef�ciency of alternativeattribution-selectionstrategies,given
asimilarity metricin thespirit of DefaultDifference(0).However, theseapproachesas-
sumea pre-existingmethodfor assessingsimilarity basedon partialdescriptions;they
do not examinewhich similarity metricsto use.Increasedunderstandingof how to as-
sesssimilarity for partial descriptionscould have substantialbene�ts both for CCBR
andfor case-basedrecommendersystems.

7 Conclusion

Beingableto retrieveappropriatecases,basedonpartialinformation,is a fundamental
problemfor CCBRsystems.This paperexaminesalternative strategiesfor addressing
this problem.It comparesa set of differencemeasures,evaluatestheir performance
andef�ciency on sampledatasets,anddiscussestheir tradeoffs assuggestedby the
experiments.It identi�es dif�culties in handlingpartialproblemdescriptionsthatmay
not be initially apparent,illustrateshigh-cost,high-accuracy strategiesbasedon CBR,
andshows that they maybeeffectively approximatedby moreef�cient methods.This
work providesa setof tools for building distancemetricsfor incompletely-described
cases,andprovidesaninitial foundationfor furtherstudyof thisarea.
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