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Abstract

Nearestneighborclassificationrelieson theassumption
that class conditional probabilities are locally constant.
Thisassumptionbecomesfalsein high dimensionswith fi-
nite samplesdueto thecurseof dimensionality. Thenear-
estneighborrule introducessevere biasunderthesecondi-
tions. We proposea locally adaptiveneighborhoodmorph-
ing classificationmethodto try to minimizebias. We use
local supportvector machine learning to estimatean ef-
fectivemetric for producingneighborhoodsthat are elon-
gatedalong lessdiscriminantfeature dimensionsandcon-
strictedalongmostdiscriminantones.Asa result,theclass
conditional probabilities can be expectedto be approxi-
matelyconstantin the modifiedneighborhoods,whereby
betterclassificationperformancecanbeachieved.Theeffi-
cacyof ourmethodis validatedandcomparedagainstother
competingtechniquesusinga numberof datasets.

1. Intr oduction

In classification,a featurevector �������
	������������������ � , representingan object, is assumedto be in oneof �
classes��� �"!#%$ 	 , andthe objective is to build classifierma-
chinesthatassignx to thecorrectclassfrom agivensetof &
trainingsamples.'

nearestneighbor(NN) classificationmethods[3, 4, 5,
7, 8, 10, 11, 13, 16] area simpleandattractive approach
to this problem. Sucha methodproducescontinuousand
overlapping,rather than fixed, neighborhoodsand usesa
differentneighborhoodfor eachindividualquerysothatall
pointsin theneighborhoodarecloseto thequery. Further-
more,empiricalevaluationto dateshowsthattheKNN rule
is a ratherrobust method. In addition, it hasbeenshown
[6] that theoneNN rule hasasymptoticerrorratethat is at
mosttwicetheBayeserrorrate,independentof thedistance
metricused.
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Figure 1. Feature relevance varies with quer y
locations.

Thenearestneighborrule becomeslessappealingin fi-
nite training samples,however. This is due to the curse-
of-dimensionality[2]. Severebiascanbeintroducedin the
NN rule in a high-dimensionalinput featurespacewith fi-
nitesamples.As such,thechoiceof a distancemeasurebe-
comescrucialin determiningtheoutcomeof nearestneigh-
bor classification.ThecommonlyusedEuclideandistance
measureimplies that the input spaceis isotropicor homo-
geneous.However, theassumptionfor isotropy is oftenin-
valid in many practicalapplications.Figure1 illustratesa
casein point. For query 5 , thehorizontalcoordinateis more
relevant,becausea slightmovealongthataxismaychange
the classlabel, while for query 6 , the vertical coordinate
is more relevant. For query 7 , however, both coordinates
areequallyrelevant.This impliesthatdistancecomputation
doesnot vary with equalstrengthor in the samepropor-
tion in all directionsin the featurespaceemanatingfrom
the input query. Capturingsuchinformation,therefore,is
of greatimportanceto any classificationprocedurein high
dimensionalsettings.

In thispaperweproposeanadaptiveneighborhoodmor-
phingclassificationmethodto try to minimizebiasin high
dimensions.We estimateaneffective local metricfor com-



puting neighborhoodsbasedon local SupportVectorMa-
chines(SVMs), which have beensuccessfullyusedas a
classificationtool in anumberof areas,rangingfrom object
recognitionto classificationof cancermorphologies.The
resultingneighborhoodsarehighly adaptive to queryloca-
tions. Moreover, the neighborhoodsare elongatedalong
less relevant (discriminant) featuredimensionsand con-
strictedalongmost influential ones. As a result, the class
conditionalprobabilitiestendto beconstantin themodified
neighborhoods,wherebybetterclassificationperformance
canbeobtained.

2. RelatedWork

Friedman[7] describesanapproachto learninglocalfea-
ture relevancethat recursively homesin on a queryalong
themost(locally) relevantdimension,wherelocalrelevance
is computedfrom a reductionin predictionerrorgiven the
query’svaluealongthatdimension.This methodperforms
well on a numberof classificationtasks. In our notations,
local relevancecanbedescribedby

8:9# �<;=�>� !?
@A$ 	 � BDC"�FEG�IH BDC��%EKJ � # �ML # �ON�� 9 � (1)

where BDC��FEG� representstheexpectedvalueof B>C��FEKJ �P� , andBDC��%EKJ � # �ML # � theconditionalexpectationof BDC��FEKJ �P� , given
that � # assumesvalueL # . Thismeasurereflectstheinfluence
of the � th input variableon the variationof BDC��FEKJ �P� at the
particularpoint �Q�RL . In this case,the mostinformative
dimensionis theonethatdeviatesthemostfrom B>C��FEG� .

The main difference,however, betweenour relevance
measureto bedescribedin section3.2 andFriedman’s (1)
is thata featuredimensionis morerelevantif it is mostdis-
criminantingin caseof our relevancemeasure,whereasit
variesmostin caseof Friedman’s. As a result,ourmeasure
is moreinformativethanFriedman’s.

Hastie and Tibshirani [8] proposean adaptive nearest
neighborclassificationmethodbasedon linear discrimi-
nantanalysis. The methodcomputesa distancemetric as
a productof properlyweightedwithin andbetweensumof
squaresmatrices.They show that the resultingmetric ap-
proximatestheChi-squareddistanceby a Taylor seriesex-
pansion,giventhatclassdensitiesareGaussianandhavethe
samecovariancematrix. While soundin theory, themethod
haslimitations. The main concernis that in high dimen-
sionswe may never have sufficient data to locally fill inSUTVS within andbetweensum-of-squaresmatrices.

Amari and Wu [1] describea method for improving
SVM performanceby increasingspatialresolutionaround
thedecisionboundarysurfacebasedontheRiemanniange-
ometry. Themethodfirst trainsaSVM with aninitial kernel

that is thenmodifiedfrom theresultingsetof supportvec-
torsandaquasiconformalmapping.A new SVM is built us-
ing thenew kernel.Viewedunderthesamelight, our tech-
niquecanberegardedasawayto increasespatialresolution
aroundtheseparatinghyperplanein a local fashion.How-
ever, our techniquevariesspatialresolutionjudiciously in
thatit increasesspatialresolutionalongdiscriminantingdi-
rections,while decreasingspatialresolutionalonglessdis-
criminantones.

Westonet al. [15] proposea techniquefor featurese-
lection for SVMs to improve generalizationperformance.
In their technique,a featureis eithercompletelyrelevantor
completelyirrelevant.Clearly, featureimportanceassuchis
non-local,andtherefore,insensitive to querylocations. In
addition,theseglobal relevancetechniquesusuallydo not
work well on tasksthatexhibit local featuredifferentialrel-
evance,asevidencedby theexampleshown in Figure1.

3. Feature Relevance

Our techniqueis motivatedas follows. In linear dis-
criminantanalysis(for �W��X ), dataareprojectedonto a
singledimensionwhereclasslabelassignmentis madefor
a given input query. This dimensionis computedaccord-
ing to YZ�R[]\ 	 ��^ 	 H_^ 9 � where [ denotesthe within
sum-of-squaresmatrix,and ^ # theclassmeans.ThevectorY representsthe samedirectionasthe discriminantin the
Bayesclassifieralong which the datahave the maximum
separation.Furthermore,any direction, ` , whosedotprod-
uct with Y is large, alsocarriesdiscriminantinformation.
The larger J Ya�`UJ is, the more discriminantinformation
that ` captures.Stateit differently, if we transform̀ via` �cb�d �e[]\ 	Af 9 `Vg�hFi , thenin the transformedspace,any
direction ` �cb�d closeto []\ 	 �<^ 	 HU^ 9 � providesdiscrimi-
nantinformation.

In particular, when ` is restrictedto the featureaxes,
i.e., `j�k�"l 	 ������ l � �=� (2)

where l # is a unit vectoralongthe � th feature,thevalueofJ Ym�`UJ measuresthedegreeof relevanceof featuredimen-
sion ` in providing classdiscriminantinformation. It thus
seemsnaturalto associate,when n��Ql # ,

Y # �MYo"`p� (3)

as a weight, with eachdimension ` in a weightednear-
est neighborrule. Now imaginefor eachinput querywe
computeY locally, from which to inducea new neighbor-
hoodfor the final classificationof the query. In this case,
large J YM�`kJ enablestheshapeof neighborhoodto constrict
along ` , while small J Yq�`kJ enlongatestheneighborhood
alongthe ` direction. Figure1 illustratesa casein point,
wherefor query 5 the discriminantdirection is parallel to



the vertical axis, and as such,the shapeof the neighbor-
hoodis squashedalongthatdirectionandenlongatedalong
thehorizontalaxis.

While Y points to a direction along which projected
datacan be well separated,the correspondinghyperplane
maybefar from optimalwith respectto margin maximiza-
tion. In general,sucha hyperplanedoesnot yield themax-
imum margin of separationbetweenthe data, which has
directbearingon its generalizationperformance.In terms
of weightednearestneighborcomputationdiscussedabove,
this impliesthat theclass(conditional)probabilitytendsto
vary in theneighborhoodinducedby Y . Furthermore,the
assumptionon equalcovariancestructuresfor all classesis
ofteninvalid in practice.Computationally, if thedimension
of thefeaturespaceis large,therewill beinsufficientdatato
locally estimatethe rs� S 9 � elementsof thecovariancema-
trix, therebymakingthemhighly biased.This motivatesus
to considertheSVM approachto featurerelevanceestima-
tion.

3.1. Support Vector Machines

Let
8 ��Yt�>��u 	9 J vwHyxI�<�z��Yt��J {=|����z��v}� betheexpected

generalizationerror (risk) for a learningmachinexI���z�AYt� ,
where Y is anadjustableparameterthatdeterminesx , and|����z��v}� the(unknown) probabilitydistribution. Theempir-
ical risk is definedas

8 b�~>����Yt�����X�& h? #F$ 	 J v # H�xI��� # ��Yt��J (4)

for a setof trainingdata ��� # ��v # ��h#%$ 	 .
In the SVM framework, unlike typical classification

methodsthatsimply minimize
8 b�~>� ��Yt� , SVMs minimize

the following upperboundof the expectedgeneralization
error

8 ��Yt��� 8 b�~>� ��Yt�D���s����� , where � representsthe
“VC confidence,” and � the VC dimension. This can be
accomplishedby maximizingthemargin betweenthesepa-
ratingplaneandthedata,which canbeviewedasrealizing
theStructureRiskMinimizationprinciple[14].

Now we examinegeneralSVMs having basisfunctions��� � ��� ���
, where S �j� . SVMs searchfor a lin-

ear function: xI���P����Y] � �<�P�)�o6 in space
� �

. An
input query � is classifiedaccordingto the algebraicsign
of xI���P� . The SVM solution producesa hyerplanehav-
ing the maximummargin, wherethe margin is definedasX��}��Y�� . It is shown [14] that this hyperplaneis optimum
with respectto generalizationerror. Thehyperplane,deter-
minedby its normalvector Y , canbeexplicitly written asY���� #<������  # v # � ��� # � , where ¡D¢ is the set of support
vectorsdeterminedby theSVM.

In a simplecasein which
�

is the identity function on� � :
� �<�P�>�£� , wehave

xI���P���QYo��t�¤6 (5)

and Yq� ?
#������   # v # � #A¥ (6)

HerethenormalY is perpendicularto theseparatinghyper-
plane.Similar to lineardiscriminantanalysis,thenormal Y
pointsto thedirectionthat is mostdiscriminantandyields
themaximummargin of separationbetweenthedata.

We note that real dataare often highly non-linear. In
suchsituations,linearmachinescannotbeexpectedtowork
well. As such,Y is unlikely to provideany usefuldiscrimi-
nantinformation.Ontheotherhand,piecewiselocalhyper-
planescan approximateany decisionboundaries,thereby
enablingY to capturelocaldiscriminantinformation.

3.2. Discriminant FeatureRelevance

Basedon theabove discussion,we now proposea mea-
sureof featurerelevancefor aninputquery �
¦ as8 # �<� ¦ �D�§J Y # J (7)

where Y # denotesthe � th componentof Y in (6) com-
putedlocally at �
¦ . Oneattractive propertyof (7) is thatY enables

8 # ’s to capturerelevanceinformationthat may
nototherwisebeattainableshouldrelevanceestimatesbeen
conductedalongeachindividual dimensiononeat a time,
asin [7].

Therelative relevance,asa weightingscheme,canthen
begivenby thefollowing exponentialweightingscheme

¨ # �<� ¦ �D�M©�ª�«P�¬� 8 # ��� ¦ ��� � �?
h $ 	 ©�ª�«P�¬� 8 h �<� ¦ �A� (8)

where � is a parameterthat can be chosento maximize
(minimize) the influenceof

8 # on ¨ # . When ��¯® we
have ¨ # � � � S , therebyignoring any differencebetween
the

8 # ’s. On the otherhand,when � is largea changein8 # will be exponentiallyreflectedin ¨ # . The exponential
weightingis morestablebecauseit preventsneighborhoods
from extendinginfinitely in any direction,i.e.,zeroweight.
Thus,(8) canbe usedasweightsassociatedwith features
for weighteddistancecomputation

° �<�z��±²�³�
´µµ¶ �?
#%$ 	 ¨ # ��� # Hkv # � 9 ¥ (9)

Theseweightsenablethe neighborhoodto elongatealong
featuredimensionsthatrunmoreor lessparallelto thesep-
aratinghyperplane,and,at thesametime,to constrictalong
featurecoordinatesthathavesmallangleswith Y . Thiscan
be consideredhighly desirablein nearestneighborsearch.
It might be arguedthat a softmaxfor relative weightings
tendto favor justonelocal dimensionover theothersto in-
fluencethedistancecalculation.In two-classclassification



problems,however, this onedimensionis sufficient to pro-
vidediscriminantinformationneeded.

We desirethat the parameter� in (8) increaseswith
decreasingperpendiculardistancebetweenthe input query
andthedecisionboundaryin anadaptive fashion.Thead-
vantageof doingso is thatany differenceamongY # ’s will
bemagnifiedexponentiallyin ¨ , therebymakingtheneigh-
borhoodhighly elliptical astheinput queryapproachesthe
decisionboundary. Figure2 illustratesthissituation.
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Figure 2. Neighborhood chang es with de-
creasing distance between the quer y and the
decision boundar y.

In general,however, theboundaryis unknown. By using
theknowledgethatEquation(5) computesanapproximate
locally linearboundary, we canpotentiallysolve theprob-
lem by computingthe following: J YÉ��U��6�J . After nor-
malizing Y to unit length, the above equationreturnsthe
perpendiculardistancebetween� andthe local separating
hyperplance.We canset � to be inverselyproportionaltoÊ Ë�Ì Í�ÎPÏ ÊÊÐÊ ËÑÊÐÊ �ÒJ YR��p�M6cJ . In practice,we find it moreeffec-
tiveto set � to afixedconstant.In theexperimentsreported
here,� is determinedthroughcross-validation.

Insteadof axis-parallelelongationandconstriction,one
mightattempttousegeneralMahalanobisdistanceandhave
anellipsoidwhosemainaxesareparallelto theseparating
hyperplane,andwhosewidth in otherdimensionsis deter-
minedby thedistanceof � from thehyperplane.Themain
concernwith suchan approachis that in high dimensions
theremaybeinsufficientdatato locally fill in SkTVS within
sum-of-squaresmatrices. Moreover, very often features
maybelocally independent.Therefore,to effectively com-
putegeneralMahalanobisdistancesomesortof local clus-
teringhasto bedone.In suchsituations,without localclus-
tering, generalMahalanobisdistancereducesto weighted
Euclideandistance.

Let usexaminetherelevancemeasure(7) in thecontext
of the Riemanniangeometryproposedby Amari and Wu
[1]. A large componentof Y alonga direction ` , i.e., a
large value of `��Y , implies that datapoints along that
directionbecomefar apartin termsof Equation.(9). Like-

wise,datapointsaremoving closerto eachotheralongdi-
rectionsthathave a smalldot productwith Y . That is, (7)
and(9)canbeviewedasapproximatingalocalqausiconfor-
mal transformationaroundtheseparatingboundarysurface.
Thistransformationis morejudiciousthanthatproposedby
Amari and Wu [1], becausethis local mappingincreases
spatialresolutionalongdiscriminantdirectionsaroundthe
separatingboundary. In contrast,thequasiconformalmap-
ping introducedby Amari and Wu [1] doesnot attendto
directions.

4. NeighborhoodMor phing Nearest Neighbor
Algorithm

Theneighborhoodmorphingnearestneighboralgorithm
(MORF) hasthreeadjustableproceduralparameters:

'
:

thenumberof nearestneighborsin thefinal nearestneigh-
bor rule;

'ÂÓ
: thenumberof nearestneighborsin theneigh-

borhood�ÕÔ>Ö for localSVM computation;and � : theposi-
tive factorfor theexponentialweightingscheme(8).

We notethat theparameter
'

is commonto all nearest
neighborrules.Our algorithmhoweverhasaddedtwo new
parameters.Arguably, thereis no strongtheoreticfounda-
tion uponwhich to determinetheir selection.Thevalueof' Ó

shouldbe a reasonablenumberto supportlocal SVM
computation.To beconsistent,

' Ó
hasto bea diminishing

fractionof & , thenumberof trainingpoints.Thevalueof �
shouldincreaseastheinput querymovescloseto thedeci-
sionboundary, so thathighly stretchedneighborhoodswill
result. We have empirically testeddifferentrangesof val-
ues,andcrossvalidationis usedto choosebestvaluesfor
theseparameters,which is what we do in the examplesin
thenext section.

At the beginning,a nearestneighborhoodof
' Ó

points
aroundthequery� ¦ is computedusingthesimpleEuclidean
distance. From these

'ÂÓ
points a local linear SVM is

built, whose Y (normal to the separatinghyperplance)is
employed in (7) and (8) to obtain an exponentialfeature
weightingschemë . Finally, the resulting ¨ is usedin (9)
to compute

'
nearestneighborsat the querypoint �
¦ to

classify �
¦ .
5. Empirical Evaluation

In the following we compareseveral competingclassi-
fication methodsusinga numberof datasets: 1. MORF
- boundaryadjustedlocal metric methoddescribedabove,
coupledwith theexponentialweightingscheme(8); SVM-
light [9] wasusedto build local SVMs. 2. SVM-L - local
linearSVM classifier. For eachinput query, a linearSVM
from

' Ó
nearestpointsto thequeryis built to classifythe

input. We usedSVMlight [9]. 3. SVM-R - SVM classifier



Table 1. Average classification error rates.

Iris Sonar Liver Pima Vote OQ Cancer Ionosphere Unstructured
SVM-L 5.0 9.6 24.6 21.4 3.4 3.0 2.4 5.7 15.2
SVM-R 4.0 12.5 16.1 21.3 3.0 3.0 2.4 3.0 13.1
MORF 3.0 10.6 15.1 20.3 2.6 3.7 2.6 3.4 6.6
KNN 6.0 12.5 16.6 21.7 7.8 6.0 2.7 5.8 19.0

DANN 6.0 7.7 15.9 22.2 3.2 4.2 2.5 4.8 13.6
Scythe 4.0 16.3 20.8 21.1 14.7 5.4 2.5 7.2 5.8

Machete 5.0 21.2 20.1 21.5 6.5 6.7 2.9 6.0 2.9
C4.5 8.0 23.1 19.5 22.4 3.5 9.4 4.7 5.4 2.2

usingusingradialbasiskernels.Again we usedSVMlight
[9]. 4. KNN - simpleK nearestneighbormethodusingthe
Euclideandistance.5. C4.5- decisiontreemethod[12]. 6.
Machete- anadaptiveNN procedure[7], in whichtheinput
variableusedfor splittingat eachstepis theonethatmaxi-
mizestheestimatedlocal relevance(1). 7. Scythe- a gen-
eralizationof the Machetealgorithm[7], in which the in-
putvariablesinfluenceeachsplit in proportionto theiresti-
matedlocal relevance,ratherthanthewinner-take-all strat-
egy of Machete.8. DANN - discriminantadaptive nearest
neighborclassification[8].

In all the experiments,the featuresarefirst normalized
over thetrainingdatato have zeromeanandunit variance,
and the test datafeaturesarenormalizedusing the corre-
spondingtraining meanandvariance.Proceduralparame-
tersfor eachmethodweredeterminedempirically through
cross-validation.Also, in all theexperimentswhereSVM-
light wasinvolved,we did not attemptto estimateoptimal
valuesfor × Ø�Ù . We insteadusedits default value(0.001).
Thevaluesof Ú in theradialbasiskernel ©�ª�«P��H�Úz����HÛ�ÝÜ����
and 7 (thesoft-margin case)thataffect theperformanceof
SVM relatedalgorithms(SVM-L, SVM-R, MORF) were
chosenthroughcross-validation for eachproblem. Simi-
larly, optimal proceduralparametersfor eachmethodare
selectedthroughexperimentsfor eachproblem.

5.1. The Problems

The first 8 data setsare taken from UCI Repository
of MachineLearningDatabase.The last one is a simu-
lated (Unstructured)dataset that is taken from [8]. The
data set has two classes( �Þ�ßX ) and is measuredbyS � � ® features. Each classcontainssix sphericalbi-
variatenormalsubclasses(in first two dimensions),having
standarddeviation 0.25. The restof eight featuredimen-
sionsfollow independentstandardGaussiandistributions.
They serve asnoise. The meansof the 12 subclassesare
chosenat randomwithout replacementfrom the integersà � � X�� ¥�¥�¥ � á"N T à � � X}� ¥�¥�¥ �âá"N . For eachclass,dataareevenly

drawn from eachof thesix normalsubclasses.
For theIris, Sonar, andVotedataweperformleave-one-

outcross-validationto measureperformance,sincethedata
setsizesaresmallin thesecases.Largerdatasetsareavail-
ablein theothersix cases.For theLiver, Pima,OQ,Cancer,
IonosphereandUnstructureddatawe randomlyselect200
pointsastrainingdataand200astestingdata(145 for the
Liverdataand151for theIonospheredata).We repeatthis
process10 timesindependently, andreporttheaverageer-
ror ratesfor thesedatasetsin Table1. Standarddeviations
by thecorrespondingmethodsare:Liver: 3.3,4.3,3.3,3.9,
2.7, 3.1, 3.6 and3.2; Pima: 3.7, 1.9, 2.8, 1.9, 2.3, 2.5, 2.4
and2.6;OQ:1.3,1.4,1.4,1.9,1.2,1.2,1.7and2.5;Cancer:
0.9,1.2,1.0,1.2,1.1,1.1,1.0and1.7; Ionosphere:1.6,1.5,
1.4,1.5,1.8,1.2,1.6and1.8;andUnstructured:11.4,10.2,
8.7,8.7,8.6,4.0,2.1and1.9,respectively.

5.2. Results

Table1 showsclearlythatMORFregisteredcompetitive
performanceover theexampleproblems.While theresults
improvementmaynot besignificant,they nonetherlessare
in favor of the MORF algorithm. It seemsnaturalto ask
the questionof robustness.That is, how well a particular
methodã performson averagein situationsthat aremost
favorableto other procedures.Following [7], we capture
robustnessby computingthe ratio 6 ~ of its error rate × ~
andthesmallesterrorrateoverall methodsbeingcompared
in a particularexample: 6 ~ � b�äåzæ ç"èOé�êëécì b ê . Thus,thebest
method ãÛí for that examplehas 6 ~Ñî � � , andall other
methodshave larger values 6ë~ðï � , for ãòñ�]ã í . The
larger the valueof 6ë~ , the worsethe performanceof theãÀó�� methodis in relationto thebestonefor thatexample,
amongthe methodsbeing compared. The distribution of
the 6ë~ valuesfor eachmethod ã over all the problems,
therefore,seemsto bea goodindicatorof robustness.

Fig. 3 plotsthedistribution of 6ë~ for eachmethodover
the ninedatasets. The dark arearepresentsthe lower and
upperquartilesof thedistribution thatareseparatedby the
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Figure 3. Performance distrib utions.

median. The outervertical lines show the entirerangeof
valuesfor the distribution. It is clearthat the mostrobust
methodover the datasetsis MORF. In 4/9 of the prob-
lemsits error ratewasthebest(median= 1.08). In 8/9 of
themit wasno worsethan �=®�� higherthanthe besterror
rate. In theworstcaseit was �c®c®�� . In contrast,KNN has
theworstdistribution,wherethecorrespondingnumbersare
1.93, �c®�®�� and ������� .

6. Summary and Conclusions

Thispaperpresentsanadaptivemetricmethodfor effec-
tive patternclassification. This methodestimatesa flexi-
ble metric for producingneighborhoodsthatareelongated
alonglessrelevantfeaturedimensionsandconstrictedalong
most influential ones. As a result, the classconditional
probabilitiestend to be more homogeneousin the modi-
fied neighborhoods.Theexperimentalresultsshow clearly
that theMORF algorithmcanpotentiallyimprove theper-
formanceof K-NN and recursive partitioningmethodsin
someclassificationproblems,especiallywhenthe relative
influenceof input featureschangeswith thelocationof the
queryto beclassifiedin theinputspace.Theresultsarealso
in favor of MORF over similar competingmethodssuchas
MacheteandDANN.
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