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Abstract

In thispaper, we introducegrading,anovel meta-classificationscheme.While
stackingusesthepredictionsof thebaseclassifiersasmeta-level attributes,weuse
“graded” predictions(i.e., predictionsthathave beenmarkedascorrector incor-
rect)asmeta-level classes.For eachbaseclassifier, onemetaclassifieris learned
whosetaskis to predictwhenthe baseclassifierwill err. Hence,just like stack-
ing may be viewed as a generalizationof voting, gradingmay be viewed as a
generalizationof selectionby cross-validationandthereforefills aconceptualgap
in the spaceof meta-classificationschemes.Gradingmay alsobe interpretedas
a techniquefor turning theerror-characterizingtechniqueintroducedby Bay and
Pazzani(2000)into a powerful learningalgorithmby resortingto anensembleof
meta-classifiers.Our experimentalevaluationshowsthatthis stepresultsin aper-
formancegain that is quitecomparableto that achievedby stacking,while both,
gradingandstackingoutperformtheir simplercounter-partsvoting andselection
by cross-validation.

1 Intr oduction

Whenfacedwith thedecision“Which algorithmwill bemostaccurateonmyclassifica-
tion problem?”,thepredominantapproachis to estimatetheaccuracy of thecandidate
algorithmsontheproblemandselecttheonethatappearsto bemostaccurate.Schaffer
(1993)hasinvestigatedthis approachin a small studywith threelearningalgorithms
onfive UCI datasets.His conclusionsarethaton theonehandthis procedureis onav-
eragebetterthanworkingwith a singlelearningalgorithm,but, on theotherhand,the
cross-validationprocedureoften picks the wrong basealgorithmon individual prob-
lems. This problemis expectedto becomemoreseverewith anincreasingnumberof
classifiers.

As across-validationbasicallycomputesapredictionfor eachexamplein thetrain-
ing set,it wassoonrealizedthatthis informationcouldbeusedin moreelaborateways
thansimplycountingthenumberof correctandincorrectpredictions.Onesuchmeta-
classificationschemeis the family of stacking algorithms(Wolpert,1992). Thebasic
ideaof stackingis to usethepredictionsof theoriginalclassifiersasattributesin anew
trainingsetthatkeepstheoriginalclasslabels.
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In this paper, we investigateanothertechnique,which we call grading. Thebasic
ideais to learnto predictfor eachof theoriginal learningalgorithmswhetherits pre-
diction for a particularexampleis corrector not. We thereforetrain oneclassifierfor
eachof the original learningalgorithmson a trainingset thatconsistsof the original
exampleswith classlabelsthatencodewhetherthepredictionof this learnerwascor-
recton thisparticularexample.Hence—incontrastto stacking—weleave theoriginal
examplesunchanged,but insteadmodify theclasslabels.

Thealgorithmmayalsobeviewedasanattemptto extendtheworkof BayandPaz-
zani(2000)whoproposeto usea meta-classificationschemefor characterizingmodel
errors.Their suggestionis to learna comprehensibletheorythatdescribestheregions
of errorsof a given classifier. While the stepof constructingthe training set for the
metaclassifieris basicallythesameasin ourapproach,1 their approachis restrictedto
learningdescriptive characterizationsbut cannotbedirectly usedfor improving clas-
sifier performance.The reasonis that negative feedback—whenthe metaclassifier
predictsthatthebaseclassifieris wrong—onlyrulesout theclasspredictedby thebase
classifier, but doesnot helpto chooseamongtheremainingclasses(except,of course,
for two-classproblems).Grading may beviewed anensembleof meta-classifiersof
thetypeintroducedby BayandPazzani(2000),whichis—aswewill see—ableto sig-
nificantly improve theperformanceof its constituentbaseclassifierson two-classand
multi-classproblems.Theachievedperformancegainis comparableto thatof stacking.

We will describethis idea in more detail in section2 and compareit to cross-
validation,stacking,andavoting techniquein section3.

2 Grading

Figure1(a)shows a hypotheticallearningproblemwith ��� trainingexamples,eachof
themencodedusing ��� attributes����� anda classlabel 	�
�� . In ourexample,thenumber
of differentclasslabels ��
 is 2 (thevalues� and � ) but this is no principal restriction.
We arenow assumingthatwehave ��� baseclassifiers��� , whichwereevaluatedusing
somecross-validationscheme.As cross-validationensuresthateachexampleis used
asa testexampleexactly once,wehave obtainedonepredictionfor eachclassifierand
for eachtrainingexample(Figure1(b)).

A straight-forwarduseof this predictionmatrix is to let eachclassifiervote for
a class,andpredictthe classthat receivesthe mostvotes. Stacking,asoriginally de-
scribedby Wolpert(1992),makesamoreelaborateuseof thepredictionmatrix. It adds
theoriginalclasslabels	�
�� to it andusesthisnew dataset—shown in Figure1(d)—for
training anotherclassifier. Examplesareclassifiedby submittingthemto eachbase
classifier(trainedon theentiretrainingset)andusingthepredictedlabelsasinput for
themetaclassifierlearnedfrom thepredictionmatrix. Its predictionis thenusedasthe
final predictionfor theexample.

By providing thetrueclasslabelsasthetargetfunction,stackingprovidesits meta-
learnerwith indirect feedbackaboutthecorrectnessof its baseclassifiers.This feed-
backcanbemademoreexplicit. Figure1(c) shows anevaluationthebaseclassifiers’

1A minor differenceis that they usea hold-out set,while we usecross-validationfor computingthe
predictionsof thebaseclassifier.
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Figure 1: Illustration of stackingand gradingon a hypotheticalsituationwhere ���
classifiersaretried ona two-classproblemwith � � attributesand � � examples.� 
 , the
numberof classes,is two ( � and � ) in thecurrentexample,but multi-classproblemsare
processedin thesameway. This illustrationis slightly simplifiedsinceour implemen-
tationof stackingusesthewholeclassprobabilitydistributionsinsteadof predictions.
For detailsreferto thetext.

predictions.Eachentry 	 �.� in thepredictionmatrix is comparedto thecorresponding
label 	�
 � . Correctpredictions( 	 ���0/ 	�
 � ) are“graded”with a 1 , incorrectpredictions
with a 2 .

Gradingmakesuseof thesegradedpredictionsfor trainingasetof metaclassifiers
that learnto predictwhen the baseclassifieris correct. The training set for eachof
thesemetaclassifiersis constructedusingthegradedpredictionsof thecorresponding
baseclassifierasnew classlabelsfor theoriginalattributes.Thuswehave ��� two-class
trainingsets(classes1 and 2 ), onefor eachbaseclassifier(Figure1(e)).Wenow train��� level 1 classifiers,everyoneof which getsexactly oneof thesetrainingsets,based
on theassumptionthatdifferentbaseclassifiersmakedifferenterrors.Thus,every one
of theselevel 1 classifierstriesto predictwhenits baseclassifierwill err.

Notethattheproportionof negatively gradedexamplesin thesedatasetsis simply
theerror rateof thecorrespondingbaseclassifierasestimatedby thecross-validation
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procedure.Hence,while selectionby cross-validation(Schaffer, 1993)simply picks
the classifiercorrespondingto thedatasetwith the fewestexamplesof class 2 asthe
classifiertobeusedfor all testexamples,gradingtriestomakethisdecisionfor eachex-
ampleseparatelyby focussingon thosebaseclassifiersthatarepredictedto becorrect
on this example. In this sensegradingmaybeviewedasa generalizationof selection
by cross-validation.

At classificationtime,eachbaseclassifiermakesapredictionfor thecurrentexam-
ple. The final predictionis derived from thepredictionsof thosebaseclassifiersthat
arepredictedto becorrectby themeta-classificationschemes.Conflicts(severalclas-
sifierswith differentbase-level predictionsarepredictedto becorrect)mayberesolved
by votingor by makinguseof theconfidenceestimatesof thebaseclassifiers.

In our implementation,theconfidence2 of thelevel 1 classifierwill besummedper
classandafterwardsnormalizedto yield a properclassprobabilitydistribution. In the
rarecasethatno baseclassifieris predictedto becorrect,all baseclassifiersareused
with 3&452 confidence6 asthenew confidence,thuspreferringthosebaseclassifiersfor
whichthelevel 1 classifieris moreunsureof its decision.Themostprobableclassfrom
the final classdistribution is chosenasthe final prediction. Tiesarecut by choosing
amongall mostprobableclassestheonewhich is a priori moreprobable,i.e. theclass
whichoccursmorefrequentlyin thetrainingdata.

More formally, let 7 ��� 
 be the classprobabilitycalculatedby baseclassifier8 for
class
 andexample 9 . For simplification,we write : ��� to mean 3;7 ���=<*> 7 ���@?�>*A�A*A 7 ����B�C 6 ,
i.e., thevectorof all classprobabilitiesfor example9 andclassifier8 . Thepredictionof
thebaseclassifier8 for example9D	���� /FE@G&H�IJELK 
�M 7D��� 
ON , i.e.,theclass
 with maximum
probability 7���� 
 .

Gradingthenconstructs��� trainingsets,onefor eachbaseclassifier8 , by adding
the gradedpredictionsP=�.� as the new classinformation to the original dataset( P=���
is 1 if the baseclassifier 8 ’s predictionfor example 9 wascorrect(graded+) and0
otherwise).prMeta��� is theprobabilitythatbaseclassifier8 will correctlypredictthe
classof example 9 asestimatedby metaclassifier8 .

From this information we computethe final probability estimatefor class 
 and
example 9 . In caseat leastone metaclassifiergradesits baseclassifieras 1 (i.e.,
prMeta���RQTS A�U ), weusethefollowing formula:3

prGrading� 
 /FV M prMeta����W 	 �.�R/ 
�X prMeta��� QYS A�U N
Otherwise,if no baseclassifiersarepresumedcorrectby the metaclassifiers,we use
all baseclassifiersin ourvoting.

prGrading� 
 / V M 4�2 prMeta��� W 	���� / 
 N
Theclasswith highestprobabilityis thenchosenasthefinal predictionpredBase��� .

2We measureconfidencewith themetaclassifiers’estimateof the probability Z=[]\_^ that the exampleis
classifiedcorrectlyby thecorrespondingbaseclassifier. Sincethereareonly twoclassesin themetadatasets,
confidencefor class̀ is Za[�`b^�cedb`fZa[g\_^ .

3We have alsotried to give a penalty h for caseswherethe baseclassifierpredictsclass i but the meta
classifierconsidersthis predictionwrong(i.e., j�k;lfcmi@n prMetak;lporq@s t ). This did not seemto work as
well.
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NotethatTing andWitten (1999)alsorecommendtheuseof probabilitydistribu-
tionsfor stacking.Insteadof merelyaddingtheclassesthatareconsideredto bemost
likely by eachbaseclassifier, they suggestto addtheentire � 
 -dimensionalclassprob-
ability vector : ��� , yielding a metadatasetwith � 
vu � � attributes(insteadof only � �
for conventionalstacking).

3 Empirical Evaluation

In this section,we compareour implementationof gradingto stacking,voting, and
selectionby cross-validation. We implementedGrading in Java within the Waikato
Environmentfor KnowledgeAnalysis(WEKA).4 All otheralgorithmsat thebaseand
meta-level werealreadyavailablewithin WEKA.

3.1 Datasetsand Experimental Setup

For anempiricalevaluationwechosetwenty-sixdatasetsfromtheUCI MachineLearn-
ing Repository(Blake& Merz, 1998)which arelisted in Table1. The datasetswere
selectedarbitrarilybeforethestartof theexperiments.

All reportedaccuracy estimatesaretheaverageof tenten-foldstratifiedcrossvali-
dations,exceptthosein Table6 whereonly oneten-foldstratifiedcrossvalidationwas
computedto evaluatethea priori motivatedchoiceof IBk aslevel 1 classifier.

3.2 BaseClassifiers

We evaluatedeachmeta-classificationschemeusingthesamesix baselearners,which
werechosento cover a varietyof differentbiasesin anattemptto maximizediversity.

Thealgorithmsare:

w DecisionTable: a decisiontablelearner

w J48: a Java portof C4.5Release8 (Quinlan,1993)

w NaiveBayes: the Naive Bayesclassifierusingkerneldensityestimationfor nu-
mericalattributes

w KernelDensity: asimplekerneldensityclassifier

w MultiLinearRegression: a multi-classlearnerbasedon linear regression,which
tries to separateeachclassfrom all other classesby linear regression(multi-
responselinear regression)

w KStar: theK* instance-basedlearner(Cleary& Trigg, 1995)

All algorithmsareimplementedin WEKA Release3.1.8.They all returnaclassproba-
bility distribution,i.e., they donot predicta singleclass,but giveprobabilityestimates
for eachpossibleclass.

4TheJavasourcecodeof WEKA hasbeenmadeavailableat xyxyx�z]{}|�z�xy~@���y~}���Dz�~y{�z���� ,seealso(Witten
& Frank,2000)
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Table1: The useddatasetswith numberof classesandexamples,discreteandcon-
tinuous attributes,baselineaccuracy (%) and a priori entropy in bits per example
(Kononenko& Bratko,1991).

Dataset cl
as

se
s

ex
am

pl
es

di
sc

re
te

co
nt

in
uo

us

ba
se

lin
e

en
tr

op
y

audiology 24 226 69 0 25.22 3.51
autos 7 205 10 16 32.68 2.29
balance-scale 3 625 0 4 45.76 1.32
breast-cancer 2 286 10 0 70.28 0.88
breast-w 2 699 0 9 65.52 0.93
colic 2 368 16 7 63.04 0.95
credit-a 2 690 9 6 55.51 0.99
credit-g 2 1000 13 7 70.00 0.88
diabetes 2 768 0 8 65.10 0.93
glass 7 214 0 9 35.51 2.19
heart-c 5 303 7 6 54.46 1.01
heart-h 5 294 7 6 63.95 0.96
heart-statlog 2 270 0 13 55.56 0.99
hepatitis 2 155 13 6 79.35 0.74
ionosphere 2 351 0 34 64.10 0.94
iris 3 150 0 4 33.33 1.58
labor 2 57 8 8 64.91 0.94
lymph 4 148 15 3 54.73 1.24
primary-t. 22 339 17 0 24.78 3.68
segment 7 2310 0 19 14.29 2.81
sonar 2 208 0 60 53.37 1.00
soybean 19 683 35 0 13.47 3.84
vehicle 4 846 0 18 25.41 2.00
vote 2 435 16 0 61.38 0.96
vowel 11 990 3 10 9.09 3.46
zoo 7 101 16 2 40.59 2.41
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Table2: Accuracy (%) � standarddeviation for DecisionTable, J48, KernelDensity,
KStar, MultiLinearRegression, andNaiveBayes. Thesesix learnerswereusedasbase
learnersfor all four meta-classificationschemes.

Dataset D
ec
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le

J4
8

Ke
rn

el
D

en
si

ty
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ta

r

M
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tiL
in

ea
rR

eg
re

ss
io

n

N
ai

ve
Ba

ye
s

audiology 75.31� 2.00 76.95� 1.05 77.35� 0.58 80.00� 0.62 79.07� 0.98 72.21� 0.65

autos 78.78� 1.61 82.05� 1.15 76.59� 0.92 72.54� 1.44 65.41� 1.77 61.76� 1.46

balance-scale 75.28� 1.35 77.70� 0.59 88.58� 0.45 89.02� 0.41 86.62� 0.58 91.54� 0.32

breast-cancer 71.92� 1.72 73.88� 1.41 72.62� 0.87 74.27� 0.60 71.15� 1.01 73.18� 0.66

breast-w 94.55� 0.45 94.48� 0.62 95.34� 0.18 95.28� 0.34 95.79� 0.14 97.47� 0.12

colic 82.36� 1.30 85.43� 0.43 79.32� 0.61 75.92� 0.43 81.88� 0.94 78.75� 0.36

credit-a 84.71� 0.70 85.41� 0.71 81.72� 0.70 78.99� 0.67 85.54� 0.27 81.26� 0.31

credit-g 71.83� 1.01 71.18� 1.40 69.83� 0.54 70.09� 0.67 75.77� 0.43 74.58� 0.41

diabetes 74.32� 1.18 73.74� 0.79 71.41� 0.51 70.29� 0.43 76.97� 0.46 75.31� 0.28

glass 70.33� 1.06 67.71� 2.14 70.05� 0.97 75.42� 1.50 56.59� 2.02 50.79� 1.17

heart-c 78.84� 1.22 76.63� 1.69 75.94� 0.95 75.64� 1.28 84.59� 0.75 84.29� 0.39

heart-h 79.76� 0.90 79.66� 1.18 78.71� 0.77 77.72� 0.74 86.39� 0.42 84.97� 0.39

heart-statlog 82.52� 1.80 78.67� 1.49 76.56� 0.94 76.81� 0.77 83.78� 0.89 84.63� 0.66

hepatitis 80.19� 2.00 79.10� 1.53 80.19� 1.22 80.39� 1.10 83.74� 1.35 84.52� 0.68

ionosphere 89.74� 1.03 89.74� 0.74 89.00� 0.31 84.02� 0.70 86.55� 0.48 91.77� 0.47

iris 92.80� 0.93 94.67� 0.70 95.20� 0.53 94.67� 0.00 84.27� 0.78 95.93� 0.38

labor 84.91� 1.89 80.18� 3.31 85.44� 2.20 92.28� 1.23 87.54� 1.74 93.68� 1.23

lymph 74.59� 1.50 75.47� 1.91 81.96� 1.28 85.00� 1.34 84.93� 1.72 83.11� 1.23

primary-t. 40.41� 1.09 41.83� 1.25 39.76� 0.50 38.23� 0.96 46.58� 0.55 49.47� 0.94

segment 92.20� 0.55 96.90� 0.28 97.29� 0.12 97.11� 0.16 83.23� 0.09 85.81� 0.15

sonar 71.73� 2.02 73.32� 1.90 85.87� 0.56 84.71� 1.13 72.45� 1.09 71.97� 1.11

soybean 86.56� 0.96 92.47� 0.54 91.11� 0.21 87.88� 0.34 93.69� 0.13 92.90� 0.21

vehicle 64.93� 0.97 72.74� 1.28 69.17� 0.64 70.04� 0.60 74.23� 0.58 61.04� 0.60

vote 94.53� 0.69 96.46� 0.27 92.60� 0.24 93.31� 0.23 95.63� 0.00 90.16� 0.18

vowel 72.09� 1.12 80.17� 1.04 99.11� 0.15 98.77� 0.28 42.92� 0.68 70.58� 1.15

zoo 89.70� 0.96 92.28� 0.42 96.04� 0.00 96.04� 0.00 92.57� 1.88 95.05� 0.00

Average 79.04 80.34 81.41 81.32 79.15 79.87
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Table2 shows theperformanceof thebasealgorithmson thedatasets.All of them
have their respective strengthsandweaknessesandperformwell onsomedatasetsand
badlyon others.Judgingby theaverageaccuracy (a somewhatproblematicmeasure,
seebelow), KernelDensity andKStar seemto have thecompetitiveedge.

3.3 Meta-ClassificationSchemes

Onthesebasealgorithms,wetestedthefollowing four meta-classificationschemes:

w Grading is our implementationof thegradingalgorithmsdescribedin section2.
It usesthe instance-basedclassifierIBk with ten nearestneighborsasthemeta-
level classifier. This choiceis discussedin moredetail in section3.5. As de-
scribedin theprevioussection,our implementationmadeuseof theclassproba-
bility distributionsreturnedby thebaseclassifiers.IBk estimatestheclassproba-
bilities with a Laplace-estimateof theproportionof theneighborsin eachclass.
Theseestimatesarethennormalizedto yield aproperprobabilitydistribution.5

w X-Val choosesthebestbaseclassifieron eachfold by aninternalten-foldcross-
validation.

w Stacking is the stackingalgorithm as implementedin WEKA, which follows
(Ting & Witten, 1999). It constructsthemetadatasetby addingthe entirepre-
dictedclassprobabilitydistributioninsteadof only themostlikely class(cf. end
of section2) FollowingTing andWitten (1999),wealsousedMultiLinearRegres-
sion asthelevel 1 learner.6

w Voting is a straight-forwardadaptationof voting for distribution classifiers.In-
steadof giving its entirevote to the classit considersto be most likely, each
classifieris allowedto split its voteaccordingto its estimateof theclassprob-
ability distribution for the example. Voting addsup the distributions of all six
baselearners,renormalizesthe sum,andchoosesthe classwith highestproba-
bility afterwards.It differs from the otherthreemeta-classificationschemesin
thatit doesnotmakeuseof theclasspredictionscomputedby theinternalcross-
validation. It is mainly includedasa benchmarkof the performancethatcould
be obtainedwithout resortingto the expensive cross-validationof every other
algorithm.

As notedabove,all algorithmsmadeuseof theclassprobabilitydistributionsreturned
by thebaseclassifiers(not only of thepredictionsthemselves).Thischoicewaspartly
motivatedby the existing implementationof Stacking within WEKA, andpartly be-
causeof theexperimentalevidencethatshowsthattheuseof classprobabilitydistribu-
tions givesa slightly betterperformancein combiningclassifierswith stacking(Ting

5Theexactformulafor theconfidenceis Z=[]\_^bcY������ %l �r�� % , where ��� is thesizeof thetrainingsetand Z
of � neighborsarebeinggradedas \ .

6With stacking,relatively global andsmoothlevel-1 generalizersshouldperformwell (Wolpert, 1992;
Ting & Witten,1999).
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Table3: Accuracy (%) � standarddeviationfor themeta-classificationschemesGrad-
ing, X-Val, Stacking, andVoting.

Dataset Grading X-Val Stacking Voting

audiology 83.36� 0.84 77.61� 1.80 76.02� 1.68 84.56� 0.85

autos 80.93� 0.99 80.83� 1.42 82.20� 1.68 83.51� 1.23

balance-scale 89.89� 0.28 91.54� 0.32 89.50� 0.47 86.16� 0.51

breast-cancer 73.99� 0.79 71.64� 1.65 72.06� 1.17 74.86� 0.65

breast-w 96.70� 0.38 97.47� 0.12 97.41� 0.13 96.82� 0.30

colic 84.38� 0.60 84.48� 0.86 84.78� 0.74 85.08� 0.52

credit-a 86.01� 0.36 84.87� 0.83 86.09� 0.86 86.04� 0.48

credit-g 75.64� 0.53 75.48� 0.32 76.17� 0.60 75.23� 0.55

diabetes 75.53� 0.64 76.86� 0.51 76.32� 0.41 76.25� 0.99

glass 74.35� 1.24 74.44� 1.74 76.45� 1.06 75.70� 1.76

heart-c 82.74� 1.31 84.09� 0.74 84.26� 0.54 81.55� 1.42

heart-h 83.64� 0.47 85.78� 0.48 85.14� 0.88 83.16� 0.65

heart-statlog 84.22� 1.08 83.56� 1.49 84.04� 0.73 83.30� 1.39

hepatitis 83.42� 1.52 83.03� 1.69 83.29� 1.62 82.77� 0.81

ionosphere 91.85� 0.49 91.34� 0.66 92.82� 0.44 92.42� 0.54

iris 95.13� 0.45 95.20� 0.76 94.93� 1.14 94.93� 0.84

labor 93.68� 1.23 90.35� 3.33 91.58� 1.61 93.86� 1.24

lymph 83.45� 1.28 81.69� 1.76 80.20� 0.72 84.05� 1.53

primary-t. 49.47� 1.26 49.23� 0.95 42.63� 1.45 46.02� 0.64

segment 98.03� 0.15 97.05� 0.22 98.08� 0.11 98.14� 0.19

sonar 85.05� 0.77 85.05� 0.95 85.58� 1.01 84.23� 1.17

soybean 93.91� 0.33 93.69� 0.13 92.90� 0.60 93.84� 0.33

vehicle 74.46� 0.74 73.90� 0.57 79.89� 0.40 72.91� 0.52

vote 95.93� 0.22 95.95� 0.36 96.32� 0.42 95.33� 0.29

vowel 98.74� 0.33 99.06� 0.14 99.00� 0.10 98.80� 0.36

zoo 96.44� 0.69 95.05� 1.04 93.96� 1.09 97.23� 0.78

Average 85.04 84.59 84.68 84.88

& Witten, 1999)andensemblemethods(Bauer& Kohavi, 1999). We did somepre-
liminary studieswhichseemedto indicatethatthis is alsothecasefor Grading, but we
did notyetattempta thoroughempiricalverificationof this matter.

3.4 Comparing the Meta-ClassificationSchemes

Table3 showstheaccuraciesfor all meta-classificationschemesandtheir standardde-
viationsw.r.t. eachdataset.Not surprisingly, no individualalgorithmis a clearwinner
over all datasets;eachalgorithmwins on somedatasetsandloseson others.On aver-
age,Grading seemsto beslightly moreaccuratethanStacking (85.04%vs. 84.68%).
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Table4: Significantwins/lossesfor thefour meta-classificationschemesagainstthem-
selvesandagainstall metalearningalgorithms.In eachcolumn,thefirst numbershows
thesignificantwins for thealgorithmin thecolumn,andthesecondnumberfor theal-
gorithmin therow. � metaand � basedenotewins/lossesvs. all metaandall base
learningschemesrespectively.

Grading X-Val Stacking Voting

Grading — 5/6 7/7 2/4
X-Val 6/5 — 6/3 9/7
Stacking 7/7 3/6 — 7/8
Voting 4/2 7/9 8/7 —� meta 17/14 15/21 21/17 18/19

DecisionTable 24/0 22/0 24/0 26/0
J48 20/2 17/3 18/1 20/1
KernelDensity 21/1 18/2 20/2 23/2
KStar 19/0 17/4 17/4 19/1
MultiLinearRegression 17/3 12/2 13/7 14/5
NaiveBayes 13/5 14/1 14/5 17/7� base 114/11 100/12 106/19 119/16

Somewhat surprisingis the performanceof Voting: althoughit doesnot usethe ex-
pensive predictionsobtainedfrom theinternalcross-validation,it seemsto performno
worsethantheotheralgorithmswhich do usethis information. Of course,a compar-
ison of algorithmswith their averageaccuracy over a selectionof datasetshasto be
interpretedvery cautiouslybecauseof thedifferentbase-lineaccuraciesandvariances
on thedifferentproblems.In the following, we takea closerlook at theperformance
differences.

Table 4 shows significantwins/lossesof the meta-classificationschemesversus
themselvesandversusthebaseclassifiers.Significantdifferenceswerecalculatedby
a � -testwith 99% significancelevel. Positive andnegative differencesbetweenclas-
sifierswerecountedaswins andlossesrespectively. Among the meta-classification
schemes(upperpart), Stacking and Grading are best with Grading slightly behind
(wins 2 losses/ 4 vs.3) while X-Val andVoting lagfar behind(morelossesthanwins).
Although this evaluationshows that—contraryto the averageperformancediscussed
above—Voting doesnot getcloseto Grading andStacking, it neverthelessoutperforms
X-Val. Hence,addingup thepredictedclassprobabilitiesof differentclassifiersseems
to bea betterdecisionprocedurethanselectingthebestalgorithmby cross-validation,
which is consistentwith other resultson ensemblesof classifiers(Dietterich,2000).
Thelowerhalf of Table4 showsthatall meta-classificationschemesarealmostalways
an improvementover the six baselearners.Measuredin termsof thedifferencesbe-
tweenwins andlosses,Voting andGrading areboth on first place(wins 2 losses /
103. Interestingly, Stacking’sperformanceseemsto betheworst: it haslesswins than
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Table5: Performanceof Grading assignificantlypositive ( 1 ) andnegative ( 2 ) dif-
ferencesin accuracy vs. all baselearnersand the othermeta-classificationschemes.
Dif ferenceswereevaluatedusinga � -testwith 99%significanceniveau.
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labor 57 1 1 1 1 1 1
zoo 101 1 1 1 1 1 1
lymph 148 1 1 1
iris 150 1 1 1 2
hepatitis 155 1 1 1 1
autos 205 1 1 1 1 1 2
sonar 208 1 1 1 1
glass 214 1 1 1 1 1 2
audiology 226 1 1 1 1 1 1 1 1 2
heart-statlog 270 1 1 1
breast-cancer 286 1 1 1 1 1
heart-h 294 1 1 1 1 2 2 2 2
heart-c 303 1 1 1 1 2 2 2
primary-t. 339 1 1 1 1 1 1 1
ionosphere 351 1 1 1 1 1 2
colic 368 1 2 1 1 1 1
vote 435 1 2 1 1 1 1 1
balance-scale 625 1 1 1 1 1 2 2 1
soybean 683 1 1 1 1 1 1
credit-a 690 1 1 1 1 1 1
breast-w 699 1 1 1 1 1 2 2 2
diabetes 768 1 1 1 2 2 2
vehicle 846 1 1 1 1 1 2 1
vowel 990 1 1 2 1 1 2
credit-g 1000 1 1 1 1 1
segment 2310 1 1 1 1 1 1 1
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Figure 2: This is a projectionof heart-statloginto two dimensionsusing principal
componentsanalysis.This projectionaccountsonly for 44.8%of datasetvarianceso
it mayberatherskewedanddistorted.Exampleso areincorrectlyclassifiedand � are
correctlyclassifiedby NaiveBayes duringinternalcrossvalidation.

Voting andGrading, andthe most lossesof all meta-classificationschemes.Clearly,
meta-classificationschemesareanimprovementover baseclassifiersin any case.

A moredetailedlookonGrading is providedby Table5,whichshowsits significant
differencesagainstall baseandmetaclassifiers.As canbeseen,Grading is not worse
thanany baseclassifierson seventeendatasetsandbetterthanall baseclassifierson
two datasets,amongthemthelargest(segment). Nine times,Grading is worsethanat
leastoneclassifier, two timesit is worsethantwo,andnever worsethanthreeor more.
Our meta-classificationschemecanthusbeconsideredanimprovementover thebase
learnersin themajorityof cases.

In head-to-headcomparisonsto thealternative meta-classificationschemes,Grad-
ing is on parwith Stacking (7/7), andhasa slight advantageover X-Val ( ��� win) and
overVoting ( �f� wins). It seemstobebetterthanStacking andX-Val onsmallerdatasets,
while it seemsto outperformVoting on largerdatasets.

In summary, the performanceof Grading is comparableto that of Stacking. Al-
thoughGrading hasa higheraverageperformanceover all datasets(Table3) andhas
moresignificantwins againstbaseclassifiers(Table4), its performancein a head-to-
headcomparisonis equalto thatof stacking(Table5).

3.5 Evaluation of Level-1Classifiersfor Grading

Originally, our choiceof IBk asa level 1 classifierwasmotivatedby two reasons:
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w For a baselearnerthat performswell, we canexpect that the error clustersare
quitesmall. We thoughtthat this problemcanmosteasilybeapproximatedby
aninstance-basedlearningalgorithmswhichdoesnothaveto explicitly represent
thecomplicateddecisionboundaries.

w We wantedto usea meta-learnerthathasa differentbiasthanthebaselearners,
sothatit mayuncover differenttypesof regularities.

Thefirst argumentis illustratedin figure2 whichshows a 2D-projectionof thecorrect
andincorrectpredictionsof NaiveBayes ontheheart-statlogdataset.Wethink thatthis
problemmightalsobeanexplanation,why C5 wasnotableto producecomprehensible
characterizationsof modelerror in the relatedwork of Bay andPazzani(2000)(see
alsosection4).

In a secondseriesof experiments,we wantedto testwhetherour intuitions were
correct.Table6 shows theresultsof thesix baselearnersusedaslevel 1 learners.For
theseexperiments,weusedonly aone-time10-foldcross-validationonall datasets(as
opposedto theaverageof 10cross-validationsshown in theprevioustables).

It turnsout that IBk with ten nearestneighbors7 is in fact oneof the bestlevel 1
learnersamongtheseventested.Theonly algorithmthatappearsto beslightly better
is NaiveBayes.

However, all relativeperformancesarewithin 1%of thatof IBk, i.e.,all algorithms
performaboutequal. This cameasa little surpriseto us, becausewe hadexpected
that therewould be moredifferencesin this wide rangeof algorithms. Someof the
algorithmslearnlocalmodels(IBk), while othersalwaysconsiderall examplesfor de-
riving a prediction(KStar). Likewise, someof the algorithmsalwaysuseall of the
features(NaiveBayes), while otherstry to focuson importantones(J48). Apparently,
the particulartypeof meta-learningproblemencounteredin grading,hassomeprop-
ertiesthatmakeit uniformly hardfor a wide varietyof learningalgorithms.We plan
furtherinvestigationsof this matterin thefuture.

4 RelatedWork

As alreadylaid out in the introduction,gradingis very similar to the approachin-
troducedby Bay andPazzani(2000). They alsotrain a classifierto learnwhethera
classificationis reliableor not. However, they did not usethis approachfor decision
making,but insteadaimedat providing insight aboutthe domainregions in which a
learneris notableto discriminatewell. Amongthetwo level-1 learnersthey analyzed,
they foundthatC5 doesnot producesufficiently understandableconceptdescriptions,
while their own algorithmSTUCCO wasa little better. Grading, on the otherhand,
learnsonesuchclassifierfor eachbaseclassifier, andusestheir outputfor makinga
final prediction.

This ideaof training a meta-classifierto utilize the predictionsof multiple base
classifiersis, of course,notnew andcanbefoundin severalvariationsin theliterature.

7After choosingIBk asthelevel 1 classifier(andprior to theevaluationdescribedin thissection),wehad
experimentallydeterminedthenumberof neighbors( ��c�d q ) usinga one-time10-fold cross-validationon
all datasets.
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Table6: Grading with differentlevel 1 classifiers.Thefirst columnshowstheaccuracy

of IBk, all othercolumnsshow accuracy ratios(Acc� Meta �.�
Acc� IBk � ).
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audiology 84.51 0.9895 0.9895 0.9791 1.0105 0.9895 1.0052
autos 81.95 1.0060 1.0060 0.9643 1.0000 0.9643 1.0060
balance-scale 89.76 1.0000 0.9982 1.0000 1.0018 1.0000 1.0000
breast-cancer 74.48 1.0000 0.9859 1.0047 1.0094 1.0094 1.0000
breast-w 96.57 1.0000 1.0015 0.9970 1.0000 0.9985 1.0015
colic 84.78 0.9936 1.0032 0.9968 1.0032 0.9840 0.9968
credit-a 86.09 0.9916 0.9933 0.9949 0.9966 0.9848 0.9916
credit-g 75.90 0.9934 0.9895 1.0000 0.9829 0.9789 0.9881
diabetes 76.30 1.0085 1.0051 1.0051 1.0085 1.0034 1.0017
glass 73.36 1.0191 1.0000 1.0255 1.0255 1.0382 1.0127
heart-c 85.48 0.9730 0.9691 0.9730 0.9807 0.9653 0.9846
heart-h 83.33 1.0122 1.0122 0.9755 0.9837 1.0041 1.0041
heart-statlog 83.70 0.9956 0.9823 0.9602 0.9735 0.9823 0.9867
hepatitis 81.94 1.0079 1.0236 1.0315 1.0157 1.0157 1.0472
ionosphere 91.17 1.0063 1.0063 1.0000 1.0000 1.0063 1.0094
iris 95.33 1.0000 1.0000 1.0070 1.0000 1.0070 1.0000
labor 94.74 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
lymph 84.46 1.0160 1.0240 0.9840 1.0000 1.0240 1.0080
primary-tumor 49.26 0.9641 0.9222 0.8922 0.9641 0.9641 1.0000
segment 98.10 1.0000 0.9987 0.9969 0.9951 0.9969 0.9965
sonar 86.06 0.9721 0.9441 0.9888 0.9777 0.9665 0.9832
soybean 94.00 0.9969 1.0000 1.0000 0.9751 0.9984 1.0031
vehicle 74.47 1.0254 1.0111 0.9889 0.9810 1.0333 1.0254
vote 96.09 0.9976 1.0000 0.9976 0.9976 0.9952 0.9952
vowel 98.79 0.9969 1.0010 0.9969 0.9980 0.9939 0.9980
zoo 97.03 1.0000 1.0000 1.0102 0.9898 0.9898 1.0102

Avg 85.29 0.9987 0.9949 0.9912 0.9950 0.9959 1.0021� 10.81 0.0137 0.0217 0.0258 0.0143 0.0196 0.0130
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Thebest-known techniqueis stacking(Wolpert,1992),which is why weselectedit as
a benchmarkfor our algorithm. In our experiments,we closelyfollowedthe recom-
mendationsmadeby Ting andWitten (1999).

Themaindifferencesbetweengradingandstacking(or combiners)arethatthefor-
mer doesnot changethe independentvariables—byreplacingthe original attributes
with classpredictionsor classprobabilities(or addingthemto it)—but insteadmod-
ifies the classvalues. Furthermorewe createseveral setsof meta-data,onefor each
baseclassifier, andconsequentlylearnseveral level-1 classifiers.Our predictionsare
currentlycombinedvia a form of voting usingpredictionconfidenceestimatedfrom
classdistribution, but moreelaborateschemescould be usedhere,e.g. by a second
meta-classifierwhich combinesthepredictionconfidencesof thefirst meta-classifier,
yieldinga threelevel stackedarchitecture.

ChanandStolfo (1995)proposetheuseof arbitersandcombiners. A combineris
moreor lessidentical to stacking. ChanandStolfo (1995)also investigatea related
form, which they call anattribute-combiner. In thisarchitecture,theoriginalattributes
arenot replacedwith the classpredictions,but insteadthey areaddedto them. As
Schaffer (1994)shows in his paperaboutbi-level stacking,this may result in worse
performance.

Cascading(Gama& Brazdil, 2000)is anotherrelatedvariantwheretheclassifiers
areappliedin sequenceandthereis no level 1 classifier. Eachbaseclassifier, when
appliedto thedata,addshis classprobabilitydistribution to thedataandreturnsthis
augmenteddataset,which areto be usedby the next baseclassifier. Thus,the order
in which the classifiersareexecutedbecomesimportant. Cascadingdoesnot usean
internalcross-validationlike mostothermeta-classificationschemesconsideredhere,
except voting, and is thusmore efficient by an orderof magnitude. In gradingand
stackingthe classifierorder is not important,therebyreducingthe degreesof free-
domfor classifierselectionandthusofferinglesschancesfor overfitting. Furthermore,
cascadingincreasesthe dimensionalityof the datasetwith eachstepwhereasgrading
leavesthedimensionalityessentiallyunchanged.

Themaindifferencesbetweengradingandstacking(or combiners,cascading)are
that it doesnot changetheindependentvariables—byreplacingtheoriginal attributes
with classpredictionsor classprobabilities(or addingthemto it)—but insteadmod-
ifies the classvalues. Furthermorewe createseveral setsof meta-data,onefor each
baseclassifier, andconsequentlylearnseveral level-1 classifiers.Our predictionsare
currentlycombinedvia a form of voting usingpredictionconfidenceestimatedfrom
classdistribution, but moreelaborateschemescould be usedhere,e.g. by a second
meta-classifierwhich combinesthepredictionconfidencesof thefirst meta-classifier,
yieldinga threelevel stackedarchitecture.

An arbiter(Chan& Stolfo, 1995)is a separate,singleclassifier, which is trained
on a subsetof the original data. This subsetconsistsof exampleson which the base
classifiersdisagree.They alsoinvestigatearbiter trees, in whicharbitersthatspecialize
in arbitingbetweenpairsof classifiersareorganizedin a binarydecisiontree.Arbiters
arequitesimilarin spirit tograding.Themaindifferenceis thatarbitersuseinformation
aboutthe disagreementof classifiersfor selectinga training set,while gradinguses
disagreementwith the target function (estimatedby a cross-validation)to producea
new trainingset.
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Quite relatedto gradingis also the work by Ting (1997), who proposedto use
the predictionsof baseclassifiersfor learninga function that mapsthe algorithms’
internalconfidencemeasure(e.g.,instancetypicality for nearestneighborclassifiersor
a posterioriprobabilitiesfor Naive Bayesclassifiers)to anestimateof its accuracy on
theoutput.Themaindifferencesto gradingis thatwe usetheoriginal featurevectors
as inputs,andselectthe bestpredictionbasedon the classprobabilitiesreturnedby
thosemetaclassifiersthat predictthat their correspondingbaseclassifiersarecorrect
on theexample.

A third approachwith a similargoal,metadecisiontrees(Todorovski & Džeroski,
2000),aimsatdirectlypredictingwhichclassifieris bestto classifyanindividualexam-
ple. To this end,it usesinformationaboutstatisticalpropertiesof the predictedclass
distribution asattributesandpredictsthe right algorithmfrom this information. The
approachis not modular(in the sensethat any algorithmcould be usedat the meta-
level) but implementedasa modificationto the decisiontreelearnerC4.5. Grading
differsfrom metadecisiontreesin thatrespect,andby thefact thatweusetheoriginal
attributesin thedatasetsfor learninganensembleof classifierswhich learntheerrors
of eachbaseclassifier.

Therearemany approachesthatcombinemultiple modelswithout resortingto an
elaboratemeta-classificationscheme.Bestknown areensemblemethodssuchasbag-
ging andboosting,which rely on learninga setof diversebaseclassifiers(typically by
usingdifferentsubsamplesof thetrainingset),whosepredictionsarethencombinedby
simplevoting(Dietterich,2000).Anothergroupof techniques,meta-learning, focusses
on predictingthe right algorithmfor a particularproblembasedon characteristicsof
the dataset(Brazdil, Gama,& Henery, 1994)or basedon the performanceof other,
simplerlearningalgorithms(Pfahringer, Bensusan,& Giraud-Carrier, 2000). Finally,
anothercommondecisionprocedure(in particularwith largerdatasets)is to takeasub-
sampleof theentiredatasetandtry eachalgorithmon this sample.Thisapproachwas
analyzedby Petrak(2000).

5 Conclusions

We have examineda new meta-classificationscheme,grading. Essentially, the idea
behindgradingis to train a new classifierthatpredictswhichbaseclassifiersis correct
on a givenexample. To thatend,theoriginal datasetis transformedinto a two-class
datasetwith new classlabelsthat encodewhetherthe the baseclassifierwasableto
correctlypredict this examplein an internalcross-validationor not. This approach
maybeviewedasa directgeneralizationof selectionby cross-validation,whichwould
alwaysselectthebaseclassifierthatcorrespondsto themetadatasetwith the highest
defaultaccuracy.

The experimentalevaluationshowed that gradingis slightly betterthanstacking
accordingto someperformancemeasures(like theaverageperformanceona selection
of UCI datasetsor anindirectcomparisonto thebaseclassifiers),but in ahead-to-head
comparisonthedifferencesarenot statisticallysignificant. Both algorithms,stacking
andgrading,performbetterthanvotingandselectionby cross-validation.Furthermore,
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gradingseemsto be biasedtowardsgoodperformanceon small datasets.This is a
somewhatsurprisingresultandshouldbestudiedin thefuture.

Our resultsalsoshow that themethodseemsto bequite insensitive to the choice
of a meta-learningalgorithm. This is quitesurprising,aswe investigateda varietyof
algorithmswith very differentbiases.We areyet unsurewhy this is thecase.A pos-
sible reasonmay lie in the fact that for reasonableperformancesof the baselearning
algorithms,the two-classmetadatasetconsistsof far morecorrectthan incorrectly
predictedexamples.Hencethelearnershouldbeableto dealwith imbalancedtraining
sets,which noneof the algorithmswe testedspecializesin. We have not yet investi-
gatedtheinfluenceof this issueupontheperformanceof thelearningsystem.

Someoptimizationsof the implementationsuchas weighteddistancesvariable
numbersof nearestneighbors,or (maybemostimportantly)theuseof morecomplex
techniquesfor combiningthemetaclassifiershave notyetbeenthoroughlyexamined.

Weremainhopefulthatourapproachmayin timebecomecomplementaryto stack-
ing. Ourcurrentwork concentratesonthedefinitionof acommonframework for meta-
classificationschemes,which allowsa thoroughexperimentalandtheoreticalcompar-
isonof thedifferentapproachesthathave beenproposedin theliterature.
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