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Abstract

The case-basedearning paradigm relies upon

memorizingcasesn the form of successfuprob-

lemsolvingexperiencesuchase.g.apatternalong

with its classi cation in patternrecognitionor a

problemalong with a solutionin case-basedea-
soning. Whenit comesto solvinga new problem,
eachof thesecasesenesasanindividual pieceof

evidencethatgivesanindicationof the solutionto

that problem. In this paper we elaborateon issues
concerningthe proper combination(aggreation)
of suchpiecesof evidence. Particularly, we argue
thatcasegetrievedfrom a casdibrary mustnot be

consideredasindependeninformationsourcesas
implicitly doneby mostcase-basetkarningmeth-
ods. Focusingon the problemof predictionas a

performancéask,we proposeanew inferenceprin-

ciple that combinespotentially interactingpieces
of evidenceby meansof the so-called(discrete)
Choquet-intgral. Our method,called Cho-k-NN,

takes interdependenciebetweenthe storedcases
into accountandcanbe seenasa generalizatiorof

weightednearesheighborestimation.

1 Intr oduction

Case-basedr instance-basetkarningalgorithmshave been
applied successfullyin elds suchas, e.g., machinelearn-
ing and patternrecognitionduring the recentyears[Aha et
al., 1991;Dasarathy1991]. The case-baseltarning(CBL)
paradigmis alsoof centralimportancein case-baseteason-
ing (CBR), a problemsolving methodologywhich goesbe-
yond the standardpredictionproblemsof classi cation and
regressiorn RiesbeckandSchank1989;Kolodner 1993.

As the term suggestsjn CBL specialimportanceis at-
tachedto the conceptof a case A caseor aninstancecan
bethoughtof asa singleexperiencesuchasa pattern(along
with its classi cation) in patternrecognitionor a problem
(alongwith a solution)in CBR.

Ratherthan inducing a global model (theory) from the
dataandusingthis modelfor furtherreasoningasinductie,
model-basednachinelearning methodstypically do, CBL
systemssimply storethe dataitself. The processingf the
datais deferreduntil a prediction (or some other type of

query)is actuallyrequesteda propertywhich quali es CBL
asalazylearningmethod[Aha, 1997. Predictionsarethen
derivedby combiningthe informationprovidedby the stored
casesprimarily by thosewhich aresimilar to the new query

In fact, the conceptof similarity plays a centralrole in
CBL. The major assumptionunderlying CBL hasalready
beenexpressedamongstothers,by the philosopherDAvID
HuME ([Hume, 1999, pagel16): “In reality, all arguments
from experiencearefoundedonthesimilarity ... amongnatu-
ral objects.... Fromcauseswhich appearsimilar, we expect
similar effects” This commonsenserinciple, that we shall
occasionallycall the“similarity hypothesis{Rendell,1984,
senesasa basicinferenceparadigmin variousdomainsof
application.For example,in a classi cationcontext, it trans-
latesinto theassertiorthat“similar objectshave similar class
labels”,andin CBR it suggestshat“similar problemshave
similar solutions”.

The similarity hypothesiswhich is apparentlyof a heuris-
tic nature hasbeenputinto practiceby meansof differentin-
ferenceschemeshatcombinesimilarity andfrequeng infor-
mationin oneway or the other For example thewell-known
nearesheighbor(NN) classi er rst selectsa neighborhood
aroundthe query consistingof the £ mostsimilar casesand
thencountsthe occurrenceof the differentclasslabels. De-
spiteof their simplicity, inferencemethodof suchkind have
provedto be quite successfuin practicalapplications.

In this paper we suggesta further improvementbased
on the ideaof taking interdependencidsetweemeighbored
casednto account. In fact, in standardNN methodsthese
casesare implicitly consideredas independentnformation
sources. We argue that a correspondingassumptiorof in-
dependencés not alwaysjusti ed andproposea new infer-
enceprinciple that combinesinteracting piecesof evidence
in a more thoroughway. This principle, which makes use
of non-additve measuredor modelinginteractionbetween
casesand employs the so-called(discrete)Choquet-intgral
asanaggreationoperatoycanbe seenasa generalizatiorof
weightedNN estimation.

By way of backgroundsection2 givesa concisereview
of the NN principle,which constituteghe coreof the family
of CBL algorithms.In section3, we discusshe problemof
interactionbetweercasesn CBL. A new approacto CBL,
whichtakessuchinteractiongnto accountjs thenintroduced
in sectiond andevaluatedempiricallyin section5.



2 NearestNeighbor Estimation

The well-known nearesnheighbor(NN) estimationprinciple
is applicableto both classi cation problems(prediction of
classlabels)andregressionpredictionof numericvalues).

Considera settingin which an instancespaceX’ is en-
dowedwith a similarity measureim : X x X — [0,1]. An
instancecorrespondso the descriptionz of an object(usu-
ally in attribute—alueform). In the standardclassi cation
framawork, eachinstancer is assumedo have a (unique)la-
bely € L. Here,L isa nite (typically small) setcomprised
of m classlabels{¢; ... ¢y },and{x,y) € X x L isalabeled
instancg/case).

The NN principle originatedin the eld of patternrecog-
nition [Dasarathy1991]. GivenasampleS consistingof n
labeledinstancesz, y;), 1 < @ < n, anda novel instance
xo € X (aquery),this principle prescribedo estimatethe
label yo of the yet unclassi edquery xy by the label of the
neares{mostsimilar) sampleinstance.The k-nearesheigh-
bor (k-NN) approachs a slight generalizationwhich takes
thek > 1 nearesneighborsof x( into account.Thatis, an
estimationy$®* of y, is derivedfrom the set\y (zo) of the k
nearesheighborof z(, usuallyby meansof a majority vote
Besidesfurther conceptuakxtensionsof the (k-)NN princi-
ple have beendevised, suchas distanceweighting [Dudani,
1974:

X
yo* = argmax welly=10 (1)
2 hx;y i2N i (Xo)

wherewy is theweightof theinstancer andl (-) thestandard
{true false — {0, 1} mapping.(Throughoutthe paper we
assumeheweightsto begivenby wy = sim(z, x¢).)

TheNN principlecanalsobeusedfor regressiomproblems,
i.e., for realizinga (locally weighted)approximatiorof real-
valuedtargetfunctionsz — y = f(z) (in thiscase L = R).
To thisend,onereasonablyomputeghe (weighted)meanof
the k nearesnheighborof anew querypoint:
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3 Interaction BetweenCasesn CBL

Somecase-basedpproachesompletelyrely onthe(suppos-
edly) mostrelevantpieceof evidence namelytheobsenation

whichis mostsimilarto thequery In CBR, for example,it is

commonpracticeto retrieve just a single casefrom the case
library, andto adaptthe correspondingsolutionto the prob-

lem underconsideration.On the one hand,ignoring all but

themostsimilar obsenationis conceptuallysimpleandcom-

putationallyef cient. On the otherhand,this approacidoes
of coursecomealongwith alossof information,becausenly

avery smallpartof the pastexperiences utilized.

If severalinsteadof only asinglecaseareretrieved,ase.g.
in k-NN, animportantquestiorarises:How shouldthepieces
of evidencecomingfrom thedifferentcasedecombineddn
k-NN classi cation,the evidencedn favor of a certainclass
label are simply addedup (see(1)). Likewise,in regression
the estimationis a simplelinearcombinationof the obsened
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Figure 1: Different con gurations of locations in two-
dimensionakpace.

outcomegsee(2)). Thus,the neighboreccasesarebasically
consideredsindependeninformationsources.

This assumptiorof independenceetweencase-basedv-
idencecanthoroughlybe calledinto question[Hullermeier
2002. Indeed,it is notevenin agreementvith the similarity
hypothesistself! Namely if this hypothesiss true,thentwo
neighboredcaseghat are not only similar to the querycase
but alsosimilar amongead otherwill probablyprovide sim-
ilar informationregardingthe query In otherwords,when
taking the similarity hypothesidor granted,the information
comingfrom theneighboreatasess atleastnotindependent.

In particular from a problem solving perspectie, one
shouldrealizethat a setof casescan be complementaryn
the sensethat the experiencegepresentedby the individual
casexomplemenbr reinforceeachother Ontheotherhand,
caseganalsoberedundanin the sensehatmuchof thein-
formationis alreadyrepresentedy a smallersubsetamong
them. And indeed aswe saidbefore,the similarity hypothe-
sissuggestshatsimilar casesarelikely to beredundant.

To illustratethis point by a simple example,considerthe
problemof predictingstudentPeters gradein computersci-
ence,knowing thathe hasan A in French. The latterinfor-
mation (i.e. the case(French A)) clearly suggestshat Peter
is an excellentstudentand, hence supportspredictingan A
or maybea B. Yet, onecannotbe surethatthis predictionis
correct. In this situation,the additionalinformationthat Pe-
ter hasa B in mathematicss probablymore valuablethan
theinformationthathe hasan A in Spanishaswell. In fact,
the casegFrench A) and (Spanish A) arepartly redundant,
sincethetwo subjectarequitesimilarby themseles.As op-
posedo this, the case{mathematicsB) is complementarjn
asenseasit suggestthatPeteris notonly goodin languages.

Now, suppos¢hatyouknow all threegradegmathematics,
SpanishFrench).Is A or B themorelik ely grade?0f course,
mathematicgs moresimilar to computersciencethanSpan-
ish and French. However, dependingon the concretespec-
i cation of similarity degreesbetweenthe varioussubjects,
it is quite possiblethatthe weightedk-NN rule favors grade
A sincethe two moderatelysimilar A's compensatdor the
moresimilar B. Of course this resultmight be judgedcriti-
cally, andonemight wonderwhetherthe grade A shouldre-
ally counttwice. In fact,onereasonablalternatve is to con-
siderthetwo A's asonly a single pieceof evidence,telling
somethingaboutPeters achiezementsin languagesinstead
of two piecesof distinctinformation. In any case the close
connectiorbetweerthetwo A's shouldnot beignoredwhen
combiningthethreeobsenations.

As a secondexample,considerthe problemof predicting
the yearly rainfall at a certainlocation (city). For instance,



giventherainfall y; atlocationzy (» = 1, 2, 3), whataboutthe
rainfall atlocationxg in the two scenarioshaown in Fig. 1?
The importantpoint to noticeis that even thoughthe indi-
vidual distancesdetweenz, andthe x; arethe samein both
scenariosthe y; shouldnotbe combinedn the sameway. In
this example,this is dueto the differentarrangementf the
neighbordZhanget al., 1997: Simply predictingthe arith-
meticmean(y; + y2 + y3)/3 seemso bereasonablén the
left scenariowhile the samepredictionappearsgjuestionable
in thescenaricshovnin theright picture.In fact,sincex; and
xo arecloselyneighboredn thelattercasejnformationabout
therainfall attheselocationswill be partly redundant.Con-
sequentlytheweightof the (joint) evidencethatcomesfrom
the obserations{x1,y;) and{zs, y2) shouldnot betwice as
high astheweightof the evidencethatcomesfrom (x3, ys3).

The abore examplesshaw the needfor taking interdepen-
denciedbetweerobseredcasesnto accountand,hence pro-
vide amotivationfor the methodthatwill be proposedn the
following section.Beforeproceedinglet usmaketwo further
remarks: First, the above type of interactionbetweencases
seemgo belessimportantif thesamplesizeis largeandeven
becomesajligible in asymptoticanalyse®f NN principles.
In fact, strongresultson the performanceof NN estimation
can be derived [Dasarathy 1991], but theseare valid only
underidealizedstatisticalassumptionsand arbitrarily large
samplesizes.Roughlyspeakingif the samplesizen tendsto
in nity , the distancebetweerthe queryandits nearesheigh-
borsbecomesarbitrarily small (with high probability). This
holdstrue evenif thesizek of the neighborhoods increased
too, asa function k(n) of n, providedthatk(n)/n — 0 for
n — oo. Moreover, if the individual obsenationsareinde-
pendentandidentically distributedin a statisticalsensethe
neighborhoodbecomes'well distributed”. Undertheseas-
sumptions,it is intuitively clear that interdependenciele-
tweenobsenationswill hardly play ary role. On the other
hand.,it is alsoclearthat statisticalassumptionsf suchkind
will almostneverbesatis edin practice.

The secondremarkconcernsrelatedwork. In fact, there
areafew methodghat t into the CBL framework andthat
allow for taking certaintypesof interactionbetweerobsena-
tionsinto account.Particularly, theseare methodshat make
assumption®n the statisticalcorrelationbetweenobsena-
tions,dependingntheir distancd Lindenbaunetal., 1999.
For example, in our rainfall example one could employ a
methodcalledkriging, which is well-known in geostatistics
[OliverandWebstey 199d. Usually, however, suchmethods
arespecializedn a particulartype of applicationand,more-
over, makeratherrestrictve assumptionsnthemathematical
(metric) structureof theinstancespace.Our approachto be
detailedin thenext sectionjs muchmoregeneralin thesense
thatit only requiresa similarity measuresim(-) to be given.
We do not make ary particularassumption®n this measure
(suchassymmetryor ary kind of transitvity), apartfrom the
factthatit shouldbe normalizedto therange[0, 1]. Froman
applicationpoint of view, this seemgo beanimportantpoint.
In CBR, for example casesretypically complex objectsthat
cannoteasilybeembeddednto a metricspace.

4 The Cho-k-NN Method

4.1 Non-Additive Measures

Let X bea nite setandv(-) ameasur@* — [0, 1]. Forary
A C X, weinterpretv(A) astheweightor, say thedegreeof
relevanceof thesetof elementsA.

A standarcassumptiomnthemeasure/(-), whichis made
e.g.in probabilitytheory is additivity: (AU B) = v(A) +
v(B)forall A, B C X s.t. AN B = {). Unfortunately addi-
tive measuregannotmodelany kind of interactionbetween
elementsExtendinga setof elementsA by a setof elements
B alwaysincreasesheweightv(A) by theweighty(B), re-
gardlesof A andB.

Supposefor example,thatthe elementof two setsA and
B arecomplementaryn a certainsense. To illustrate, one
might think of X asa setof workersin a factory andof a
weightv(A) asthe productivity of ateamof workers A. In
that case,complementaritymeansthat the output produced
by two teamsA and B is higherif they cooperateFormally,
this canbe expressedasa positive interaction:v(A U B) >
v(A) + v(B). Likewise, elementaninteractin a negative
way. For example,if two setsA and B arepartly redundant
or competitivethenv(A U B) < v(A) + v(B).

Theabove considerationsnotivatethe useof non-additive
measuresalsocalledfuzzy measuresywhich aresimply nor
malizedandmonotond Sugeno1974:

e v()=0,v(X)=1

o v(A)<vy(B)forACB

In orderto quantifytheinteractionbetweersubset®f aset
X, asinducedby a fuzzy measure/(-), severalindiceshave
beenproposedn theliterature. For two individual elements
zg, 2 € X, theinteractionindex is de ned by
X (IX] = Al = DA

df
frem) = (XT-1)!

(Agv)(A),

A Xnfx;x)g

where| A| denoteghe cardinalityof A and

df
(Agv)(A) =v(AU{zg o)) —v(AU{zd) -
—v(AU{z}) +v(A).
The latter can be seenas the mamginal interaction between
z¢ andz| in the context A [Murofushi and Soneda,1993.
Theaboreindex canbe extendedrom pairszg, x; to ary set
U C X of elementdGrabisch,1997:
)& X (X[ = Al - |UD!A]!
(IX[U]+1)!

(Auv)(4),

A XnU

df

(Ayv)(A) = (=YY Vig(v u A).

vV u

4.2 Modeling Interaction in Case-Based.earning

Now, recall our actual problem of combining evidencein
case-basetkarning. In this context, the set X of elements
correspondso the neighborsof thequerycaser:

X = Nk(zo) = {z1, 22 .. 2 } 3)



Our commentsso far have shavn that fuzzy measuresan
principally be usedfor modelinginteractionbetweencases.
Thebasicquestiorthatwe have to addressn this connection
is the following: Whatis the evidenceweightor simply the
weight v(A), of asubsetA of theneighborhood3)?

First, the boundaryconditionsy () = 0 andv(X) = 1
shouldof coursebesatis ed,expressinghatthefull evidence
is providedby the completeneighborhoodX . Moreover, ac-
cordingto our commentson the similarity hypothesigsec-
tion 3), the evidencecoming from a setof casesA C X
shouldbe discountedf thesecasesaresimilar amongthem-
selhes. Likewise, the weight of A should be increasedf
the casesare “diverse” (hencecomplementaryjn a certain
sensé. To expressthis ideain a morerigorousway, we de-
ne thediversity of a setof casesA by the averagepairwise
dissimilarity:

df 2 X

div(4) = 7|A|2— Al

1 — sim(xy, 2))
XUX[2A

(By de nition, thediversityis 0 for singletonsandthe empty
set.)We furthermorede ne therelativediversity by

af 2div(A)

rdiv(4) = —1le[-1,1]

1 — ming sim(z, z|)

Now, theideais to modify thebasic(additve) measure
X
p(A) S et sim(ao, ), )
X(2A

wherec = | , sim(zo, zg), by takingthe diversity of A
into account. Of course this canbe donein differentways.
Here,we usedthefollowing approach:

7(A) £ 4(A) - (1+ ardiv(4)) (5)

As canbe seenthe original measure.(A) of a setof cases
A is increasedf the diversity of A is relatively high, other
wiseit is decreasedlThe parameter > 0 controlsthe extent
to whichinteractionsdetweercasesaretakeninto considera-
tion: u(A) canbemodi ed by atmost(100 a)%. For o = 0,
interactionsarecompletelyignoredandthe original measure
u(-) is recovered.

For the measurer(-) asde ned in (5), the monotonicity
conditiondoesnotnecessariljhold. To remedythis problem,
we simply enforcethis propertyby setting

dr _
v(A) = EnaXV(B)' (6)
Finally, the boundaryconditionsare guaranteedby dividing
themeasurehusobtainecby v(X).

To illustrate, consideragain the rainfall examplein the
right pictureof Fig. 1 andsupposehatsim(z, zg) = .5 (2 =

1,2,3), sim(z1,22) = .9, sim(z1, z3) = sim(zq,z3) = 0,
With o = 1/2in (5), we obtainthe following weights:
A |1 m x3 x1,79 T1,T3 T2,73
V(A) | 27 27 27 33 83 .83

1The idea of “diversity” of a set of cases plays also a role in
case-based retrieval [McSherry, 2002]. Here, however, the problem
is more to find diverse cases, rather than to combine them.

As canbe seen the joint weightof {z1, 25} is relatively
low, re ecting the partialredundancef thetwo cases.
Before going on, let us commenton the derivation of the
measure(-) fromthesimilarity functionsim(-). Firstly, even
thoughthemeasurg6) capturesourintuitive ideaof decreas-
ing (increasing)the evidenceweight of casesthat are (dis-
)similar by themseles, we admit that it remainsad hoc to
someextent, and by no meanswe exclude the existenceof
betteralternatives. For example,aninterestingideais to de-
rive the measurén anindirectway: First, the interactionin-
dicesI (-) from section4.1 arede ned, againbasedon the
similarity betweencases.Theseindicescanbe seenascon-
straintson themeasure/(-), andtheideais to nd ameasure
thatis maximally consistentvith theseconstraints.
Secondly even thoughthe assumptiorthat similar cases
provide redundantnformationis supportecby the similarity
hypothesispnemight of coursearguethatthe similarity be-
tweenthe predictive partsof two casesy; andz;, is not suf-
cient to call themredundant.Rather the associate@utput
valuesy; andy; shouldbesimilaraswell. Indeedjf y, differs
drasticallyfrom y5, the rst two measurementis our rainfall
example might betterbe consideredas non-redundant.(In
that case the two measurementi® conjunctionsuggesthat
thereis somethingamiss...) This conceptiorof redundang
caneasilyberepresentetby deriving v(-) from an extended
similarity measureim?-) whichis de ned over X' x £.2
Anyway, theimportantpoint of this sectionis notsomuch
thespeci cationof a particular evidencemeasurebut rather
the insight that non-additve measuresan in principle be
usedfor modelingtheinteractionbetweercasesn CBL.

4.3 Aggregationof Interacting Piecesof Evidence

Sofar, we have atool for modelingthe interactionbetween
differentpiecesof evidencein case-baselkbarning. The next
questionthat we have to addresss how to combinethese
piecesof evidence,i.e., how to aggregyatethemin agreement
with the evidencemeasure/(-).

For thetime beingwe focuson the problemof regression.
Recallthat in the standardapproachto NN estimation,an
aggregationof the outputvaluesf(z;) = y is realizedby
meansf a simpleweightedaverage:

X
vot = ) - S (=), (7)
X(2X
whereu({z}) = sim(zo, ()  , ,x sim(zo,x() 'n-

terestingly (7) is nothingelsethanthe standard_ebesguen-
tegral of thefunction f : X — R with respecto theadditive
measurg4):
z
vt = fdu
X
In orderto generalizehis estimationanintegral with respect
to the non-additve measure/(-) is needed:the Chogquetin-
tegral, a conceptthat originatedin capacitytheory[Choquet,
1954.

2We didn’t explore this alternative in detail so far.



Let»(-) beafuzzy measurend f(-) anon-ngative func-
tion.2 TheChoqueintegralof f(-) with respecto (-) isthen
de ned by

where[f > ¢] = {«| f(x) > t}. Theintegral on theright-
handsideis the standard_ebesguentegral (with respecto
theBorelmeasur®n [0, o0)). In ourcasewhereX isa nite

set,we canreferto the discrete Choquetintegral which can
be expressedn arathersimpleform:

X
yer = flz @) v(A) —v(Ap 1) (8)
(=1

where 7(-) is a permutationof {1...k} suchthat0 <
f(CC (1)) <...<Z f(I (k))! andA{ = {$ (1 ---T ({)}

The discreteChoquetintegral (8) canbe seenasa special
typeof aggrejationoperatoynamelya generalizedrithmetic
mean. Indeed,(8) coincideswith (7) if v(-) is an additive
measurdi.e.if v(-) = u(-)). Otherwisejt is apropergener
alizationof the standardweighted)NN estimation.

Coming back to our running example, supposethat we
have measuredhe following rainfalls: y; = 100, y» = 120,
ys = 200. Accordingto (8), we thenobtainthe estimation
yeSt ~ 157. As thejoint weight of the two locationswith
lessrainfall, z; andzs, hasbeendecreaseadhis estimationis
higher(closerto ys3) thanthe standardveightedNN estima-
tion givenby y§ = 140.

Sofar, we have focusedon the problemof regression.In
the caseof classi cation,the Choquetintegral cannotbe ap-
plied immediately sincean averagingof classlabelsy; does
not make sense. Instead,the Choquetintegral can be de-
rivedfor eachof theindicatorfunctionsf- : y — I(y = ¢),
£ =1/{...0n. Asin (1), theevidencein favor of eachclass
labelis thusaccumulatedseparately Now, however, the in-
teractionbetweencasesds takeninto account.As usual,the
estimationis thengivenby the labelwith the highestdegree
of accumulatedvidence.

5 Empirical Validation

In orderto validatethe extensionof NN estimationas pro-
posedn the previoussectionwe have performedsereral ex-
perimentalstudiesusingbenchmarldatasetsfrom the UCI
repository andthe StatLibarchive >
Experimentsvereperformedn thefollowing way: A data
setis randomlysplit into a trainingandatestsetof the same
size. For eachexamplein thetestset,a predictionis derived
using the training setin combinationwith weightedk-NN
resp.Cho+%-NN. In thecaseof regressionanestimationy§s
is evaluatedby therelative estimatiorerror|y§ —yo |- yo| *,
andthe overall performancef a methodby the meanof this
errorover all testexamples.In the caseof classi cation,we

3The Choquet integral can be extended to any real-valued func-

tion through decomposition into a positive and negative part.
*http://www.ics.uci.edu/ ~mlearn
Shttp://stat.cmu.edu/

| dataset | k | weightedk-NN | Cho#-NN |
auto-mpg 5 12.21(0.05) | 11.56(0.05)
7 12.18(0.06) | 11.53(0.05)
bolts 5 47.07(1.19) | 38.77(0.71)
7 51.36(1.25) | 39.94(0.81)
housing 5 14.83(0.08) | 14.48(0.08)
7 14.99(0.09) | 14.62(0.08)
detroit 5 16.02(0.55) | 14.90(0.50)
7 15.93(0.55) | 14.71(0.54)
echomonths 5 97.77(7.17) | 72.87(3.87)
7 99.03(8.98) | 74.80(7.55)
pollution 5 4.12(0.05) | 4.05(0.05)
7 4.22(0.05) | 4.18(0.05)

Tablel: Estimationof expectedrelative estimationerrorand
its standardieviation.

simplytookthemisclassi cationrateasa performancéndex.

Moreover, we derived statisticalestimationsof the expected
performanceof a methodby repeatingeachexperiment100
times.

For the purposeof similarity computationall numericat-
tributeshave rst beennormalizedo the unitinterval by lin-
earscaling. The similarity wasthende ned by 1—distance
for numericvariablesandby the standard)/1-measurén the
caseof categorical attributes. The overall similarity sim(-)
was nally obtainedby the averageover all attributes. As
the purposeof our studywasto compae —underequalcon-
ditions— weightedk-NN with Cho-+%-NN in orderto verify
whetheror not taking interactionsinto accountis useful,we
refrainedfrom tuning both methods,e.g. by including fea-
ture selectionor featureweighting (even thoughit is well-
known thatsuchtechniqguesangreatlyimprove performance
[Wettschereclet al., 1997). Resultshave beenderived for
neighborhoodsizesof £ = 5 andk = 7; the parametery in
(5) hasalwaysbeensetto 1/2.

The applicationof Cho%-NN for regressionhas shovn
thatit consistentlymprovesweightedk-NN, sometime®snly
slightly but oftenevenconsiderablySomeresultsareshavn
in tablel. In particular it seemghatthe smallerthe size of
thedataset,the higherthe gainin performanceThis nding
is intuitively plausible sincefor large datasetsthe neighbor
hoodsof aquerytendto bemore“balanced”;asalreadysaid,
the neglect of interactionis likely to be lessharmful under
suchcircumstances.

For classi cation problemsiit is alsotrue that Cho-%-NN
consistentlyoutperformsweightedk-NN; seetable2. Usu-
ally, however, thegainin classi cationaccurag is only small,
in mary caseqot evenstatisticallysigni cant. Again, thisis
especiallytruefor largedatasets,andall themoreif theclas-
si cation erroris alreadylow for standardc-NN. Neverthe-
less,oneshouldbearin mindthat,in thecaseof classi cation,
the nal predictionis largelyinsensitve towardmodi cations
of the estimatecdevidencesn favor of the potentiallabels.In
fact,in this studywe only checledwhetherthe nal predic-
tion is corrector not and,hence,useda rathercrudequality
measure.More subtleimprovementsof an estimationsuch
as,e.g.,theenlagemenif anexamples mamgin [Schapireet



| dataset | & | weightedk-NN | Cho+-NN |
glass | 5 33.58(0.34) | 33.23(0.35)
7 34.54(0.37) | 33.77(0.39)
wine | 5 3.52(0.20) | 3.48(0.20)
7 3.27(0.20) | 3.25(0.20)
Z00 5 10.43(0.60) | 10.08(0.60)
7 11.65(0.51) | 11.35(0.52)
ecoli |5 16.30(0.25) | 16.29(0.24)
7 16.17(0.24) | 16.11(0.24)
balance| 5 15.62(0.14) | 15.23(0.16)
7 13.28(0.16) | 13.15(0.16)
derma | 5 3.75(0.13) | 3.68(0.13)
7 3.57(0.12) | 3.46(0.11)

Table 2: Estimationof expectedclassi cation error and its
standardieviation.

al., 1994, arenot honoredby this measure.For the future,
we thereforeplanto complemenbur resultsby moresophis-
ticatedexperimentakomparisons.

6 Concluding Remarks

This paperhasmotivatedthe consideratiorof mutualdepen-
dencieshetweercaseghatrepresenpastexperiencen case-
basedearning. The basicideais thata combinationof two
or morecasesanprovide complementarjut alsoredundant
evidence.ln orderto modelthistypeof interactionin aformal
way, we have proposedheuseof non-additve measuresThe
aggregation of differentpiecesof evidencecanthenbe ac-
complishedby meansof the Choquetintegral. Theinference
schemeahusobtained referredto as CHO-k-NN, is a direct
extensionof the standardveightedNN estimation(which is
recoveredin the caseof anadditive measure).

Ourexperimentatesultshave shovnthatCHo-k-NN con-
sistentlyoutperformsstandardweighted)k-NN on publicly
available benchmarkdata. Sometimes,only mamginal im-
provementscanbe achiesed, particularlyin the caseof clas-
si cation andall the morefor large, “well-distributed” data
sets,but for mary problemsCHo-k-NN is considerablybet-
terthank-NN. All thingsconsideredit canbesaidthattaking
interactionbetweercasesn CBL into accounts worthwhile
by any meangmostlyit helps,atworstit remaingneffective).

As alreadysaid, the derivation of a non-additve measure
v(-) from the similarity function sim(-) asoutlinedin sec-
tion 4 is only a rst attemptwhich leavesscopefor develop-
ment.In particular thedegreeto which a setof casess com-
plementaryresp.redundantmight not only dependon their
mutualsimilarity but alsoon otheraspects.

We have explained how to usethe Choquetintegral as
anaggreationoperatorin both regressiorandclassi cation
problems.An interestingguestionconcernghe extensionof
our approachto moregeneralproblemsolving tasksasthey
aretypically foundin case-baseteasoning.Eventhoughit
is obvious that the approachcannotbe transferredmmedi-
ately, the basicideasand conceptamight still be useful. In
ary case,the concretesolutionwill strongly dependon the
particulartype of application.
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