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Abstract

This paperpresentstwo metricsfor the NearestNeigh-
bor Classifierthat share thepropertyof beingadapted,i.e.
learned,on a set of data. Both metricscan be usedfor
similarity search whentheretrieval critically dependson a
symbolictarget feature. Thefirst oneis calledLocal Asym-
metricallyWeightedSimilarity Metric (LASM)andexploits
reinforcementlearning techniquesfor the computationof
asymmetricweights. Experimentson benchmarkdatasets
show that LASM maintainsgood accuracy and achieves
high compressionratesoutperformingcompetitorediting
techniqueslike CondensedNearestNeighbor. On a com-
pletelydifferentperspectivethesecondmetric,calledMini-
mumRiskMetric (MRM) is basedon probability estimates.
MRM can be implementedusing different probability es-
timatesand performscomparably to the Bayesclassifier
basedon the sameestimates.Both LASMand MRM out-
performtheNN classifierwith theEuclideanmetric.

1. Introduction

A CaseBasedReasoning(CBR) systemderivesa solu-
tion to a new problemby adaptingpastsolutionsgiventhe
underlyingassumptionthat similar problemssharesimilar
solutions. In the CBR cycle [1] (a loop of retrieve, reuse,
reviseandretainsteps)theretrieval phaseis devotedto find
thesimilar caseamongthecasesstoredin thecasebasede-
pendingon asimilarity criteria.Functionally, theretrieving
correspondsto formulatethe similarity queryby example,
i.e. givena partialdescriptionof thecaseretrieve thesim-
ilar case.Althoughtheamountof casesin anaveragecase
baseis seldomcomparableto thesizeof alargedatabasethe
techniquesdevelopedfor CBR canbeusefulfor similarity
queriesin databases,e.g for similarity rankingof standard
queryresults.

NearestNeighbor (NN) techniquessupportone of the
oldestandmore popularclassifierandarewidely usedin
CaseBasedReasoning(CBR) systemsfor similarity re-
trieval

UsingtheNN asa classifieris quitesimple.Givena set
of examples,describedaspointsin an input space,andas-
sociatedto anominalattributethatplaytheroleof thetarget
concept,i.e. the class,the classificationproblemis to find
theunknown targetclassof a new example.TheNN tech-
niqueprovide an hypothesisof the target valuetaking the
classvalueof the nearestexample. The “nearest”relation
is computedusinga similarity metric definedon the input
space.

TheNN techniqueis exploitedin theCBRsystems:The
similar caseto the caseat handis the NN casein the case
basew.r.t. a similarity metric. In suchsystemsan exist-
ing classificationover thecasescanbeuseful(class-driven
retrieval). In fact, even if the casesarenot explicitly clas-
sified in a setof finite classes,often they areclusteredin
setscontainingequivalentsolutionsagainstsomedomain-
specificcriteria. Interpretingthosesetsasclasses,reduce
the retrieval stepin a CBR systemto the nearestneighbor
searchof aNN classifier.

In a NN algorithm the metric appearsto be critical.
Thereforeseveral alternatives to the standardEuclidean
metric for continuousspacesand to the Hammingmetric
for nominal spaceshave beenproposedin the literature
[19, 20, 7, 6, 2, 11, 4, 23]. The metricscan be local, i.e
metricwhosedefinitionvariesdependingon thepositionof
thepointsin theinput space,or global,implicitly assuming
that the similarity evaluationdoesnot dependon the area
of theinput spacethepointsarein. Metricsparameterscan
be computedon givendatawith a batchprocedurerelying
onstatistics[22] or incrementallyadaptingtheinitial values
with feedbacklearningalgorithms[16, 18].

Oneof thegoalsof amodifiedmetricis to improveclas-
sification accuracy (i.e. the ratio betweenthe numberof
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correctly� classifiedexamplesand the numberof classified
examples)that,in a retrieval context, canbeseenrelatedto
themeasureof precision(i.e. theratio betweenthenumber
of correctlyretrievedinstancesandthenumberof retrieved
instances).Another focal issueis the reductionof the re-
trieval time that canbe achieved by KD-treesindexing or
alternatively by selectionof a subsetof the training sam-
ple(datacompression).Datacompressioncanimprovealso
the accuracy when noisy dataand outlyersare discarded.
For example,thecompressiontechniqueof anEditedNear-
estNeighboralgorithmsselectsasubsetof prototypesfrom
a training setto improve computationalefficiency, i.e. re-
trieval time, andmake the classificationmorereliable(see
[7, Chapter6]).

In this paperwe focus our attentionon two advanced
metricsfor the NN classifierthatwereintroducedvery re-
cently andhave complementarypropertiesin termsof ac-
curacy andcompressionandcanbeusefulfor class-driven
similarity search.

The first one is calledLocal AsymmetricallyWeighted
Similarity Metric (LASM) and has been introducedand
studiedby two of the authors[18]. LASM is a metric
with asymmetricweightsthatarelearnedwith a reinforce-
ment learning procedureand it can achieve compression
ratesthatoutperformsstandardeditingalgorithms(theoret-
ical argumentssustainingthis statementare presentedin
[17]). Moreover the generalizationaccuracy is also im-
provedwith respectto 1-NN equippedwith local or global
metrics [7, 20, 23]. An interestingfeature of the pro-
posedframework is that the methodfor selectingthe pro-
totypescanbevery simple.We reporta setof experiments
thatshows thatmorecomplex prototypesselectionpolicies
(clustering)do not improve accuracy on randomselection.
Therationaleis that themetricandtheoptimizationproce-
dureareflexible enoughto adaptto asuboptimalprototypes
selection.

Two of us have introducedthe Minimum Risk Metric
(MRM) [3] that is a metric basedon probability estima-
tion, i.e. consistentestimatesof the conditionalprobabil-
ities of theclasses.Amongthosemetricstheoneproposed
by Short and Fukunaga[19] hasthe strongesttheoretical
foundationbut it was introducedonly for continuousfea-
tures.TheMRM generalizestomixedfeatures(bothcontin-
uosandnominal)andreliesits effectivenesson a different
andsimpleroptimality conditionthantheonesuggestedby
ShortandFukunaga.We reportexperimentalcomparison
betweentheclassificationaccuraciesof MRM andtheper-
formancesof othermetricsthatareavailablein literature.

The work is organizedas follows: Section2 describes
LASM and the experimental results. Section 3 briefly
presentstheMinimum RiskMetric,describestheoptimality
criteria,theadoptedprobabilityestimatorsandsomeexper-
imental results. Finally, Section4 draws conclusionsand

futuredirections.

2. Local Asymmetrically Weighted Similarity
Metric

LASM is basicallyaMinkowsky metric1 with thediffer-
encethatfor eachdimensionof theinputspace,thedistance
from areferencevalueto anothervaluevariesdependingon
thefactthatthesecondis greateror lessthanthefirst (asym-
metry). Moreover themetric is learned:For eachexample
storedin theeditedtrainingset,

���
, thereis a correspond-

ing setof weightsthatdefinesthemetricattachedto thatex-
ample.Whenanexamplein theeditedtrainingsetmustbe
comparedwith anotherexampleits attachedmetricis used.

More formally, let � � � � � 	 be the input spaceand 
��� � � � � 	 a genericexample.For eachfeaturewe assumethat
thereis a featuremetric 
 ��� � � � � � ��� � � � ����������� . An ob-
viousfeaturemetricfor a real featurespaceis 
 � � 
�� � � � ��� 
��!�"� �  . Given an example 
#�$� � � � � 	 , a setof asym-
metricweights%&� 
�� for 
 is a '(�*) matrix with valuesin� � � � � . Let %�+� � 
�� , ,*�-� � � and .���� � / / / � ) , bea generic
entryof %!� 
�� . Let � beanotherpoint in theinputspace,the
following notationwill beused:

%�� � 
��10 
 � � 
�� � � � � 2!� 3 % �� � 
�� 
 � � 
�� � � � � 2 if � ��45
��%�6� � 
�� 
 � � 
�� � � � � 2 otherwise

for any positive integer 7 . Givenaset
���98 � � � � � 	 (Edited

TrainingSet)anda setof asymmetricweightsfor eachex-
ample in

���
, a local asymmetricallyweightedsimilarity

metric(LASM) is definedasfollows:


 � 
:� � �;�9� 	<� = 6
%;� � 
��10 
 � � 
 � � � � � 2 � 6 > 2 (1)

A learning procedure(see[18] for details), basedon
reinforcementlearning,computesthe weights. Two func-
tions ?&� %&� 
:� � � and @&� %!� 
A� � � , the punishmentandrein-
forcementrespectively, adjustiterativelyaninitial systemof
weights. Assuminga booleanclassificationB�� � �C� � � ,
when B � 
�� , 
D� ��� , is equalto B � � � , ��� � , i.e. thepredic-
tion is correct,a reinforcementis given to the systemthat
reducesthedistancebetweenthenearestneighbor
 andthe
sample� ; whereasif thetwo valuesarenot equala punish-
mentstepincreasesthedistancebetween
 and � .

The importanceof an asymmetricweightingschemeis
bestunderstoodwhen,givena trainingset

�
andanedited

trainingset
���

, a systemof weightsis to befoundin such
away thatthenearestneighborclassifier, endowedwith the

1Minkowsky metricsaredefinedasE!F G H I J KDL"MN O�P F Q G N R I N Q S J P T S
whereU hasintegervalues.Varyingp themetricsgeneratetheManhattan
metric (U!K"V ), theEuclideanmetric (U�KXW ) andtheChebychev metric
(U;Y9Z ).



metric[ definedby thatsetof weights,is asaccurateaspossi-
ble. Asymmetriclocalweights,acquiredwith suchakind of
learningprocedure,producea metric thatadaptto thedata
in a flexible way; they enablea freer choiceof examples
to storein the editedtraining set; they requirelesssearch
when the selectionis to be optimized,andmake possible
highcompressionrates.

2.1. Experimental results

LASM chooses\�] atrandom.Thenumberof examples
for eachclassin \�] is madeproportionalto the number
of examplesin that classfound in the training set. So the
selectionis randombut theprobability to have anexample
in a givenclassin thetrainingsetis equalto thatin \�] .

The first setof experimentsareaimedto evaluatehow
different techniquesfor prototypesselection impact on
LASM accuracy. A naturalchoicewould beto selectthose
prototypesthataremorerepresentativeof theclustersin the
data. We have thereforedefinedthreenew classifiersthat
differ from LASM in the way the initial setof prototypes
areselected.In thefirst, K-LASM, theprototypesaretaken
as the centroidsof the clusterscomputedby the k-means
algorithm[9, 12]; in the second,H-LASM, the prototypes
aretheuppernodesof thehierarchyinducedonthetraining
setsby thenearestneighborhierarchicalclusteringmethod
[12]; in thethird, R-LASM, 20 \�] setsarerandomlygen-
eratedby taking a fixed percentageof the examplesin the
training.Thesetthatmaximizetheaccuracy onthetraining
is chosen.All thesealgorithms,for eachdataset,usethe
samenumberof prototypes.

Table 1. Comparisonof the averageaccuracy andstan-
darddeviation obtainedon differentdatasetsby usingdif-
ferenttechniquesto selecttheprototypes.No significative
differenceis detectedat 0.02level for a pairedt-test.

Algorithm
DataSet K-LASM H-LASM R-LASM

BalanceScale 86.4 ^ 2.0 87.1 ^ 1.7 86.5 ^ 1.8
Wisconsin 75.9 ^ 3.7 75.9 ^ 3.7 75.7 ^ 3.8
Cleveland 80.6 ^ 2.8 79.6 ^ 3.6 80.1 ^ 3.4
Echocardiogram 70.1 ^ 9.8 71.8 ^ 7.4 70.9 ^ 10.5
Ionosphere 92.7 ^ 2.2 92.3 ^ 2.8 90.0 ^ 2.3
Iris 94.6 ^ 3.0 95.0 ^ 2.7 95.0 ^ 2.9
LiverDisorders 62.6 ^ 4.4 59.3 ^ 4.6 63.4 ^ 4.5
Thyroid 94.2 ^ 2.8 93.4 ^ 3.7 95.0 ^ 2.8
Wine 95.8 ^ 2.6 96.2 ^ 2.7 96.3 ^ 2.6
Pima 73.9 ^ 4.0 73.8 ^ 2.4 73.9 ^ 3.0

Table12 shows theaccuracy of thethreenew classifiers.
Eachexperimentis basedon 50 runswith thedatasetsplit
in two parts: 2/3 for training and1/3 for test. Thereis no
significantdifferencein accuracy. Theseresultsstrongly
suggestthatthechoiceof prototypesis notdeterminantand
the behavior of LASM is only dueto the particularmetric
(local andasymmetric)andto thelearningprocedure.

Anothersessionof experimentscomparesthe compres-
sion ratesof LASM to othereditednearestneighboralgo-
rithms [7, Chapter6]. The commonobjective of the algo-
rithmsconsideredis thecomputationof aconsistentsubset,
that is a reductionof the original training in sucha way
that the accuracy of the classifieris not decreased.The
editednearestneighboralgorithmscomparedwith LASM
are: RNN, ReducedNearestNeighbor[10]; ICA, Iterative
CondensationAlgorithm [21]; PNN, PrototypicalNearest
Neighbor[5].

Table 2. Compressionratesin percentageof the editing
experiments.A “-” meanssignificantlyworsethanLASM
at leastat0.02level for apairedt-test.

Algorithm
Data 1-NN ICA RNN PNN LASM
Ba - 78.2100% - 75.327% - 71.740% - 67.636% 85.53%
Wi - 63.9100% - 59.248% - 59.248% - 59.451% 75.92%
Cl - 77.2100% - 73.834% - 74.135% - 73.737% 81.14%
Ca - 63.2100% - 64.048% - 62.446% - 59.255% 70.44%
Io - 90.0100% - 87.016% - 87.615% - 86.723% 91.88%
Ir - 93.9100% - 92.013% - 93.012% 93.813% 95.39%
Li 62.2100% 62.649% 61.950% 60.048% 61.44%
Th 96.0100% - 92.611% - 92.010% 93.812% 94.76%
Win 96.0100% 92.711% 93.59% 94.211% 95.73%
Pi - 69.5100% - 64.443% - 63.743% - 65.242% 73.72%

The resultsare shown in table 2. LASM outperforms
both in accuracy and compressiontheseclassifiers. The
mostsignificantimprovementof LASM concernsthecom-
pressionrate.ICA, RNN andPNNstoreonaverage31%of
thetrainingexamples,whereasLASM storesonly 4.5%of
thetraining. It shouldalsonotedthatwhile theotheralgo-
rithmsdecreasetheaccuracy of the1-NN classifier, LASM
obtainsboth bettercompressionratesand outperforms1-
NN in accuracy.

3. Minimum Risk Metric

Minimum RiskMetric (MRM) is ametricbasedonprob-
ability estimationthat minimizesthe risk of misclassifica-
tion.

2The Cleveland data have been provided by Robert Detrano from
the V.A. Medical Center, Long BeachandClevelandClinic Foundation.
BreastCancerdata have beenprovided by M. Zwitter and M. Soklic
from theUniversityMedicalCentre,Instituteof Oncology, Ljubljana,Yu-
goslavia.



Given an example _ in class ` a with bDced1f f f g and
a nearestneighbor h the finite risk of misclassifying_ is
given in termsof conditionalprobabilitiesby iAj ` a k _�l j d&miAj ` a k h l l . The total finite risk is the sum of the risks ex-
tendedto all thedifferentclassesandis givenby n j _:o h lpcqsra tAu iAj ` a k _�l j d�m"iAj ` a k h l l . The approachof Short and
Fukunaga[19] andof MylesandHand[15] is to subtractthe
asymptoticrisk n v j _:o h l w.r.t the increasingof the dimen-
sion of the sampleandminimizing w(j n j _:o h lpm5n v j _:o h l l .
Insteadit is possibleto minimize directly the risk n j _:o h l
andthatleadsto themetric:

g�n g5j _Ao h l;c"n j _:o h l;c
rx
a tAu iAj ` a k _�l j d�m�iAj ` a k h l l f (2)

Theestimatesof iAj ` a k _�l canbedonedirectlyor applying
theBayestheorem

iAj ` a k _�l;c iAj _1k ` a l iAj ` a liAj _�l c iAj _1k ` a l iAj ` a lq ry tAu iAj _1k ` y l iAj ` y l (3)

thereforereducingto the problemof estimatingiAj _:k ` y l .
The Minimum Risk metric can work with different prob-
ability estimators.Herewe choosean estimatorbasedon
the sameestimateof the Näıve BayesClassifier[14, 8].
Theprobabilitiesareestimatedwith frequencies(discretiz-
ing the continuousfeatures). In this way it is possibleto
estimateiAj ` a l with ziAj ` a l;c${�| } ~ �{ where�5j ` a l is thenum-
berof casesthatarein the ` a classand � is thesamplesize.
Frequency tendsto underestimatetheprobabilityif thesam-
ple sizeis small,a viablesolutionis to adopttheLaplace–
correctedestimateor equivalently incrementingartificially
the samplesize. Following the former option leadsto the
estimateziAj ` a l1c {p| } ~ � �A�{;�A� � � where��� is thenumberof values
of the � -th attributeand �Dc-d � � is a multiplicative factor.
Thefeatures’independenceassumptionis expressedby:

ziAj _1k ` a l;c ��
� tAu ziAj _�� k ` a l;c

��
a tAu
�5j _ � o ` a l:�5��5j ` a l:�5�����

and,substitutedin the equation(3), leadsto the estimates
usedin theNäıveBayesClassifierapproach.

3.1. Experimental Results

The aim of the experimentsis the comparisonof of the
performancesof MRM to the onesof two other metrics
available in literature: ValueDifferenceMetric andCom-
binedEuclidean-OverlapMetric.

ValueDifferenceMetric (VDM). Anothervery common
metric basedon probabilisticconsiderationis VDM intro-
ducedby Stanfill andWaltz [20] whousedit exclusively on

inputspaceswith nominalfeatures.They expresstheirmet-
ric by meansof frequenciesof occurrencesof featureval-
ues.Interpretingthefrequenciesasestimatesof probability
thedefinitioncanbewrittenas:

� � g*j _:o h l;c �x
� t:u

���� rx a t:u j iAj ` a k _�� l �
rx
a tAu j iAj ` a k _�� l m:iAj ` a k h � l l �

(4)
In our experimentswe used a simplified version of

VDM:

� � g5j _Ao h l;c �x
� tAu

rx
a t:u k iAj ` a k _�� l:m�iAj ` a k h � l k (5)

Wilson andMartinezextendedVDM to instanceswith
numericattributes[23] essentiallyby discretizationof the
numericattribute(DVDM).

Combined Euclidean–OverlapMetric (HEOM). The
metric HEOM was introducedby Wilson and Martinez
[23], is the combinationof the Euclideanand Hamming
metric. Basically HEOM is an heterogeneousdistance
function thatusesdifferentattributesdistancefunctionson
different kinds of attributes. If _�c�j _Au o f f f o _ � l andh#cCj h u o f f f o h � l are two examplesthen ��� � g*j _:o h lXc� q �� t:u � � j _�� o h � l � where� � j _ � o h � l is theHammingdis-

tanceif the � -th featureis nominalandthe Euclideandis-
tanceif numeric. Thenumericfeaturesarenormalizedus-
ing therange.

MRM, DVDM and HEOM were testedon 27 datasets
taken from the MachineLearningDatabasesRepositoryat
UCI [13] and on two new databases(Dermaand Opera).
The datasetscontaincontinuous,nominal and mixed fea-
tures as well as unknown values. The experimental
paradigmwasa 10-CV crossvalidationandthe resultsare
shown in Tab. 3.

MRM outperformsHEOM (with a notable exception
on the sonardataset) and DVDM except for the monks
datasets.The latterdatasetsappearto bea hardtaskprob-
ably as a consequenceof the assumptionof the indepen-
denceamongfeaturesthat underliesthe Näıve BayesEs-
timates. Resultsnot shown here shows how MRM out-
performsDVDM andHEOM moreconvincingly thanSF2
and without any local restriction. Moreover other results
shown thatMRM behavesequivalentlyto theBayesClassi-
fier basedon thesameestimation[3]

4. Conclusion

In this paperwe have describedtwo metricsfor nearest
neighbor classification: Local Asymmetrically–weighted
Similarity Metric andMinimum Risk Metric. LASM uses



Table 3. Classificationaccuracy in percentageof theMin-
imumRiskMetric with theNäıve BayesEstimator, DVDM
andHEOM. Significativedifferences(�&�*� � � � ) areshown
e.g.MRM performssignificatively betterthanbothDVDM
andHEOM on thebreast-cancerdataset.

MRM DVDM HEOM
DataSet Näıve ( �A� ) (D) (E)

annealing �   ¡ ¢ £;¤ ¡ ¢ ¤ ¥�¦ � § ¡ ¨ £1© ¡ � § � ª ¡ ¨ £1« ¡ ª �
audiology   ¢ ¡ ª £1  ¡ ¨   § © ¡ ª £1ª ¡ � §   « ¡ ª £;¤ ¤ ¡ ¬
breast-cancer   ¬ ¡ ¨�£1  ¡ ¤ ¢ ¥�­�® ¦ ¢ ¨ ¡ ¬ £;¤ © ¡ © ¢ ª ¡ ¨ £1§ ¡ ª ¨
bridges1 ¢ ¬ ¡ © £;¤ ¤ ¡ © ¢ « ¡ ¬ £;¤ ¢ ¡ � ¢ ª ¡ � £;¤ ¬ ¡ �
bridges2 ¢ � ¡ ¢ £;¤ � ¡ © ¥�­�® ¦ ª � ¡ ¬ £;¤ � ¡ © ª ª ¡ ª £;¤   ¡ «
crx § ¬ ¡ � £;¤ ¡   ¬ ¥�­   � ¡ ª £:¨ ¡ © ¢ § ¤ ¡   £1¬ ¡ ¬ ¢
derma     ¡ ¨�£;¤   ¡ �   ¨ ¡ § £;¤ ¬ ¡ ¨   § ¡ ¤ £;¤ © ¡ ¢
flag ¢ ¤ ¡ § £1  ¡ § ¬ ¢ ¨ ¡ © £1§ ¡ ¬ ¨ ª ª ¡ § £;¤ « ¡ �
glass ¢ ¢ ¡ § £;¤ ¬ ¡ ¢ ¢ « ¡ ¤ £;¤ ¤ ¡ ¤   ¤ ¡ ¤ £;¤ ¤ ¡ §
hepatitis §   ¡ ¤ £1  ¡ § § § « ¡ © £;¤ © ¡ § § © ¡   £;¤ ¤ ¡ §
horse-colic § ¬ ¡ ¢ £1  ¡ ¨ ¨ § ¢ ¡ ¢ £1  ¡ ª ¬ § ¨ ¡ ¢ £:¨ ¡   ¢
house-votes � © ¡ ª £:¨ ¡ ¬ © � ¬ ¡ © £1« ¡ ¨ ª � « ¡ ¬ £1¬ ¡ § «
ionosphere � ¤ ¡ ¤ £1¬ ¡ ¨ « ¥�¦ § § ¡ § £:¨ ¡   ª §   ¡ ¤ £1« ¡ § ¤
iris � ª ¡ ¬ £1ª ¡ ¨ § � « ¡ ¢ £:¨ ¡ � ¤ � ª ¡ ¬ £1ª ¡ ¨ §
led   « ¡ ª £;¤ ¨ ¡ ª ¢ ¢ ¡ ª £;¤ ¬ ¡ ª ¢ § ¡ © £;¤ « ¡ �
led17 ¢   ¡ © £1� ¡ ¤ § ¥�­�® ¦ ª � ¡ ª £;¤ ¤ ¡ § ¬ � ¡ © £1� ¡ © ¢
li ver   ¤ ¡ ¬ £1� ¡ § ª ¥�­�® ¦ ¢ ¨ ¡ ¬ £1§ ¡ « « ¢ ¬ ¡   £1  ¡ § «
monks-1 ¢ ¢ ¡ « £;¤ ª ¡ ©   § ¡ © £;¤ ¬ ¡ ¨ ¥��:�   ¤ ¡ ª £1  ¡ ª ¨
monks-2 ¢   ¡ ¤ £1  ¡ ¨ � ¥�¦ � « ¡ ¢ £1§ ¡ ¬ � ¥��:� ª   ¡ ¤ £1  ¡ « ¤
monks-3 �   ¡ « £1« ¡ ¨ © ¥�¦ ¤ © © ¡ £1© ¡ © © ¥��:�   � ¡ ¬ £1§ ¡ ¨ ¬
opera ª § ¡ © £1¬ ¡   © ¥�­�® ¦ ¨ � ¡ © £:¨ ¡   § ¨ � ¡ © £:¨ ¡ § ¨
pima   ª ¡ ¤ £:¨ ¡   ¢ ¥�­�® ¦   © ¡ § £1¬ ¡ ¬ ¤   ¤ ¡   £1¬ ¡ ¤ ª
post-operative ¢ ¨ ¡ ¨�£;¤   ¡ � ¥�¦ ¢ « ¡ « £;¤ ¨ ¡ � ª   ¡   £1« « ¡  
promoters � © ¡ ¨�£1¢ ¡ ¬ § ¥�¦ § � ¡   £1§ ¡ ¤   § © ¡ ¤ £1� ¡ ¨ «
sonar   § ¡ ¬ £1§ ¡ ¤ ª   ¢ ¡ � £1¢ ¡ ¤ ª §   ¡ © £1  ¡ ¤ � ¥��:�
soybean-large � « ¡ ª £:¨ ¡ ¢ « � © ¡ « £1ª ¡ § © � ¤ ¡ ¤ £1ª ¡ ¤ ¬
soybean-small ¤ © © ¡ £1© ¡ © © ¤ © © ¡ £1© ¡ © © ¤ © © ¡ £1© ¡ © ©
wdbc � ¬ ¡ § £1« ¡ « « � ¨ ¡ � £1¬ ¡ © « � ª ¡ « £1« ¡ ¬ ¨
zoo � ¢ ¡ © £1ª ¡ ¤ ¢ � ª ¡ © £1  ¡ © © � ¢ ¡ © £1ª ¡ ¤ ¢

anasymmetricalweightedschemaanda feedbacklearning
procedure.It achievesgoodcompressionratesandoutper-
forms the accuracy of the standardnearestneighborclas-
sifier. Minimum Risk Metric is basedon probability es-
timation and minimizes the risk of misclassification. Its
analytical form is simple and well founded,and finally,
equippedwith asimpleNäıveBayesEstimator, outperforms
the other metrics. A direct comparisonof the two tech-
niquesis scheduledasfuturework.

Both themetricsareimplementedaspartof CaseBased
Exploration Tool, CBR orientedcollection of algorithms
implementedasaC++ Library anddevelopedat ITC-IRST.
As future work we areplanningto interfacethe library to
a commercialDBMS for applying the techniquesto case
basesextractedfrom databasesvia standardqueries.
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