Grading Classifiers

Alexander K. SeewaldandJohannesFirnkranz
AustrianResearchnstitutefor Artificial Intelligence
Schottengassg A-1010Wien, Austria

[al exsee,juffi] @i .univie.ac. at

Abstract

In this paperwe introducegrading,a novel meta-classificatioschemeWhile
stackingusesthe predictionsof thebaseclassifiersasmeta-leel attributes,we use
“graded” predictions(i.e., predictionsthathave beenmarkedas corrector incor
rect)asmeta-leel classesFor eachbaseclassifier onemetaclassifieris learned
whosetaskis to predictwhenthe baseclassifierwill err. Hence just like stack-
ing may be viewed as a generalizatiorof voting, gradingmay be viewed as a
generalizatiorof selectionby cross-alidationandthereforefills aconceptuagap
in the spaceof meta-classificatioschemes.Gradingmay also be interpretedas
atechniquefor turning the errorcharacterizingechniqueintroducedby Bay and
Pazzani(2000)into a powerful learningalgorithmby resortingto an ensemblef
meta-classifiersOur experimentakvaluationshows thatthis stepresultsin aper
formancegainthatis quite comparabldo that achieved by stacking,while both,
gradingand stackingoutperformtheir simplercounterpartsvoting and selection
by cross-alidation.

1 Intr oduction

Whenfacedwith thedecision‘Which algorithmwill bemostaccuratenmy classifica-
tion problem?” the predominanapproachs to estimateheaccurag of the candidate
algorithmsontheproblemandselecthe onethatappearso bemostaccurate Schafer
(1993) hasinvestigatedhis approachn a small studywith threelearningalgorithms
onfive UCI datasetsHis conclusionsarethaton the onehandthis procedures on av-
eragebetterthanworking with a singlelearningalgorithm,but, on the otherhand,the
cross-alidation procedureoften picks the wrong basealgorithmon individual prob-
lems. This problemis expectedto becomemore severewith anincreasinghumberof
classifiers.

As across-alidationbasicallycomputes predictionfor eachexamplein thetrain-
ing set,it wassoonrealizedthatthisinformationcouldbeusedin moreelaboratevays
thansimply countingthe numberof correctandincorrectpredictions.Onesuchmeta-
classificationrschemas the family of stading algorithms(Wolpert, 1992). The basic
ideaof stackingis to usethe predictionsof the original classifiersasattributesin anew
training setthatkeepsthe original classlabels.



In this paper we investigateanothertechniquewhich we call grading. The basic
ideais to learnto predictfor eachof the original learningalgorithmswhetherits pre-
diction for a particularexampleis corrector not. We thereforetrain oneclassifierfor
eachof the original learningalgorithmson a training setthat consistsof the original
exampleswith classlabelsthatencodewhetherthe predictionof this learnerwascor-
recton this particularexample.Hence—incontrasto stacking—wdeave the original
examplesunchangedput insteadmodify the classlabels.

Thealgorithmmayalsobeviewedasanattempto extendthework of Bay andPaz-
zani(2000)who proposeto usea meta-classificatioschemdor characterizingnodel
errors. Their suggestioris to learna comprehensibléheorythatdescribegheregions
of errorsof a given classifier While the stepof constructingthe training setfor the
metaclassifieris basicallythe sameasin our approacH, their approachs restrictecdto
learningdescriptie characterizationbut cannotbe directly usedfor improving clas-
sifier performance. The reasonis that negative feedback—wherthe metaclassifier
predictsthatthebaseclassifieris wrong—onlyrulesouttheclasspredictedby thebase
classifiey but doesnot helpto chooseamongthe remainingclassegexcept,of course,
for two-classproblems). Grading may be viewed an ensembleof meta-classifiersf
thetypeintroducedby Bay andPazzani(2000),whichis—aswe will see—abléo sig-
nificantly improve the performancef its constituenbaseclassifierson two-classand
multi-classproblems Theachiezedperformanceainis comparablé¢o thatof stacking.

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

2 Grading

Figurel(a)shavs ahypotheticalearningproblemwith n. trainingexampleseachof
themencodedisingn, attributesz;; andaclasslabelc/;. In our example,thenumber
of differentclasslabelsn; is 2 (thevaluest and f) but this is no principal restriction.
We arenow assumindghatwe have n. baseclassifiersC}., whichwereevaluatedusing
somecross-alidationscheme As cross-alidationensureghat eachexampleis used
asatestexampleexactly once,we have obtainedonepredictionfor eachclassifierand
for eachtrainingexample(Figure1(b)).

A straight-forwarduseof this predictionmatrix is to let eachclassifiervote for
a class,andpredictthe classthat recevesthe mostvotes. Stacking,asoriginally de-
scribedby Wolpert(1992), makesamoreelaborateiseof thepredictionmatrix. It adds
theoriginal classlabelscl; to it andusesthis new dataset—shevn in Figurel(d)—for
training anotherclassifier Examplesare classifiedby submittingthemto eachbase
classifier(trainedon the entiretraining set)andusingthe predictedabelsasinput for
themetaclassifiedlearnedrom the predictionmatrix. Its predictionis thenusedasthe
final predictionfor theexample.

By providing thetrueclassabelsasthetamgetfunction,stackingprovidesits meta-
learnerwith indirectfeedbackaboutthe correctnessf its baseclassifiers.This feed-
backcanbe mademoreexplicit. Figure 1(c) shovs anevaluationthe baseclassifiers’

1A minor differenceis that they usea hold-outset, while we usecross-alidationfor computingthe
predictionsof the baseclassifier



Attributes Class C, Cy C., Ccy Oy Ch,
T11 Ting t t t f + + _
T21 Tong f f t t + — —
Tnel Trena t f f t — — +
(a)trainingset (b) predlcthnsof the (c) “graded”predictions
classfiers
C, Oy C,. | Class
t t f t
f t t !
f o f t t

(d) training setfor stacking

Attributes Class Attributes Class
T11 Ting + T11 Ting -
T21 T2ng + T21 T2ng -
Tnel Tneng - Tnel Trneng +

(e) n. trainingsetsfor grading

Figure 1: lllustration of stackingand gradingon a hypotheticalsituationwhere n..
classifiersaretried on atwo-clasgproblemwith n, attributesandn, examples.n;, the
numberof classesis two (¢ andf) in thecurrentexample but multi-classproblemsare
processedh thesameway. This illustrationis slightly simplified sinceourimplemen-
tation of stackingusesthe whole classprobability distributions insteadof predictions.
For detailsreferto thetext.

predictions.Eachentry ¢;; in the predictionmatrix is comparedo the corresponding
labelcl;. Correctpredictions(c;x = cl;) are“graded”with a+, incorrectpredictions
with a—.

Gradingmakesuseof thesegradedpredictiongor traininga setof metaclassifiers
that learnto predictwhenthe baseclassifieris correct. The training setfor eachof
thesemetaclassifierds constructedisingthe gradedpredictionsof the corresponding
baseclassifierasnew classiabelsfor theoriginal attributes. Thuswe have n. two-class
trainingsets(classest+ and—), onefor eachbaseclassifier(Figurel(e)). We now train
n. level 1 classifiersgveryoneof which getsexactly oneof thesetraining sets,based
ontheassumptiorthatdifferentbaseclassifieranakedifferenterrors. Thus,every one
of theselevel 1 classifierdriesto predictwhenits baseclassifiewill err.

Notethatthe proportionof negatively gradedexamplesin thesedatasetss simply
the error rateof the correspondindpaseclassifierasestimatedy the cross-alidation



procedure.Hence,while selectionby cross-alidation(Schafer, 1993)simply picks
the classifiercorrespondingo the dataseivith the fewestexamplesof class— asthe
classifierto beusedor all testexamplesgradingtriesto makethisdecisiorfor eachex-

ampleseparatelyy focussingon thosebaseclassifierghatarepredictedo be correct
on this example. In this sensegradingmay be viewed asa generalizatiorof selection
by cross-alidation.

At classificatiortime, eachbaseclassifiermakesa predictionfor the currentexam-
ple. Thefinal predictionis derived from the predictionsof thosebaseclassifierghat
arepredictedto be correctby the meta-classificatioschemesConflicts(several clas-
sifierswith differentbase-lgel predictionsarepredictedo becorrect)mayberesohed
by voting or by makinguseof the confidenceestimate®f the baseclassifiers.

In ourimplementationthe confidencé of thelevel 1 classifienwill be summeder
classandafterwardsnormalizedo yield a properclassprobability distribution. In the
rare casethat no baseclassifieris predictedto be correct,all baseclassifiersareused
with (1 — confidencgasthe new confidencethuspreferringthosebaseclassifiersor
whichthelevel 1 classifieris moreunsureof its decision.Themostprobableclassfrom
thefinal classdistribution is chosenasthe final prediction. Ties are cut by choosing
amongall mostprobableclasseshe onewhichis a priori moreprobablej.e. theclass
which occursmorefrequentlyin thetrainingdata.

More formally, let p;x; bethe classprobability calculatedby baseclassifierk for
class! andexamplei. For simplification,we write P;; to mean(p;x1, pika; - - - Pikni)s
i.e.,thevectorof all classprobabilitiesfor examplei andclassifierk. Thepredictionof
thebaseclassifierk for examplei ¢;; = arg max; {pix; }, i.€.,theclasg with maximum
probability p; x;.

Gradingthenconstructs:,. training sets,onefor eachbaseclassifierk, by adding
the gradedpredictionsg; asthe new classinformationto the original dataset(g;
is 1 if the baseclassifierk’s predictionfor example: wascorrect(graded+) and 0
otherwise).prMeta,, is the probability thatbaseclassifierk will correctlypredictthe
classof examplei asestimatedy metaclassifierk.

From this information we computethe final probability estimatefor class! and
examplei. In caseat leastone metaclassifiergradesits baseclassifieras + (i.e.,
prMeta,, > 0.5), we usethefollowing formula?3

prGrading; = Y _{prMeta, |cix = A prMeta,;, > 0.5}

Otherwise,if no baseclassifiersarepresumecdorrectby the metaclassifierswe use
all baseclassifierdan our voting.

prGrading, = > {1 — prMetay |cix = [}

Theclasswith highestprobabilityis thenchoserasthefinal predictionpredBasg, .

2We measureconfidencewith the metaclassifiers’estimateof the probability p(+) thatthe exampleis
classifieccorrectlyby thecorrespondindpaseclassifier Sincethereareonly two classesn themetadatasets,
confidencdor class— isp(—) = 1 — p(+).

3We have alsotried to give a penaltyo for casesvherethe baseclassifierpredictsclass! but the meta
classifierconsidershis predictionwrong (i.e., c;r = [ A prMetg,;, < 0.5). This did not seemto work as
well.



Notethat Ting andWitten (1999)alsorecommendhe useof probability distribu-
tionsfor stacking.Insteadof merelyaddingthe classeghatareconsideredo be most
likely by eachbaseclassifierthey suggesto addtheentiren,;-dimensionatlassprob-
ability vector P;;, yielding a metadatasetvith n; x n. attributes(insteadof only n.
for corventionalstacking).

3 Empirical Evaluation

In this section,we compareour implementationof gradingto stacking,voting, and
selectionby cross-alidation. We implementedGrading in Java within the Waikato
Environmentfor KnowledgeAnalysis(WEKA).* All otheralgorithmsat the baseand
meta-leel werealreadyavailablewithin WEKA.

3.1 Datasetsand Experimental Setup

For anempiricalevaluationwe chosewenty-sixdatasetfrom theUCI MachineLearn-
ing Repository(Blake & Merz, 1998)which arelistedin Table1. The datasetsvere
selectedarbitrarily beforethe startof the experiments.

All reportedaccurag estimatesrethe averageof tenten-fold stratifiedcrossvali-
dationsexceptthosein Table6 whereonly oneten-foldstratifiedcrossvalidationwas
computedo evaluatethe a priori motivatedchoiceof IBk aslevel 1 classifier

3.2 BaseClassifiers

We evaluatedeachmeta-classificatioschemausingthe samesix baselearnersyhich
werechoserto cover avarietyof differentbiasesn anattemptto maximizediversity.
Thealgorithmsare:

¢ DecisionTable: adecisiontablelearner
e J48: aJavaportof C4.5Release (Quinlan,1993)

« NaiveBayes: the Naive Bayesclassifierusingkerneldensityestimationfor nu-
mericalattributes

e KernelDensity: asimplekerneldensityclassifier

¢ MultiLinearRegression: a multi-classlearnerbasedon linear regressionwhich
tries to separateeachclassfrom all other classedy linear regression(multi-
responsdinear regression

e KStar: theK* instance-basel@éarner(Cleary& Trigg, 1995)

All algorithmsareimplementedn WEKA Release.1.8.They all returnaclassproba-
bility distribution,i.e.,they do not predicta singleclass but give probability estimates
for eachpossibleclass.

4TheJava sourcecodeof WEKA hasbeenmadeavailableatwww . cs . waikato . ac . nz, seealso(Witten
& Frank,2000)



Table 1: The useddatasetsvith numberof classesand examples,discreteand con-
tinuous attributes, baselineaccurag (%) and a priori entropyin bits per example
(Kononenkak Bratko,1991).
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Dataset 5| % |5| 8] 8 o
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| 5551 0.99
credit-g 211000| 13| 7| 70.00| 0.88
diabetes 2| 768| 0| 8| 65.10| 0.93
glass 7| 214 0| 9| 3551|219
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| O| 4| 3333|158
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
sgment 712310 0| 19| 14.29| 281
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
Z00 7 101 | 16 2| 4059 | 2.41




Table2: Accuray (%) + standarddeviation for DecisionTable, J48, KernelDensity,
KStar, MultiLinearRegression, andNaiveBayes. Thesesix learnerswere usedasbase
learnerdor all four meta-classificatioschemes.
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audiology 75.342.00 | 76.95+1.05 | 77.350.58 | 80.0Qt0.62 | 79.074098 | 72.21+0.65
autos 78.78t1.61 | 82.05t1.15 | 76.59t0.92 | 72.54+1.44 | 65.41+1.77 | 61.76+1.46
balance-scale| 75.28t1.35 | 77.70t0.59 | 88.58t0.45 | 89.02t0.41 | 86.62t0.58 | 91.54+0.32
breast-cancer| 71.92t1.72 | 73.88t1.41 | 72.62t0.87 | 74.2740.60 | 71.15t1.01 | 73.18t0.66
breast-w 94.55+0.45 | 94.48t0.62 | 95.34+0.18 | 95.28t0.34 | 95.790.14 | 97.4740.12
colic 82.36£1.30 | 85.43t0.43 | 79.32+0.61 | 75.92+0.43 | 81.88t0.94 | 78.75t0.36
credit-a 84.71+0.70 | 85.4%+0.71 | 81.72t0.70 | 78.99t0.67 | 85.54t0.27 | 81.26+0.31
credit-g 71.83t1.01 | 71.18t1.40 | 69.83t0.54 | 70.09t0.67 | 75.770.43 | 74.58t0.41
diabetes 74.32:1.18 | 73.74:0.79 | 71.41+051 | 70.29:0.43 | 76.9740.46 | 75.31+0.28
glass 70.33t1.06 | 67.7%2.14 | 70.05:0.97 | 75.42:150 | 56.5%2.02 | 50.79%1.17
heart-c 78.84t1.22 | 76.63t1.69 | 75.94+0.95 | 75.64+1.28 | 84.59t0.75 | 84.29+0.39
heart-h 79.76£0.90 | 79.66£1.18 | 78.710.77 | 77.72£0.74 | 86.39:0.42 | 84.9740.39
heart-statlog || 82.52t1.80 | 78.671.49 | 76.56+0.94 | 76.81+0.77 | 83.78t0.89 | 84.63+0.66
hepatitis 80.19t2.00 | 79.10:1.53 | 80.19+1.22 | 80.39+1.10 | 83.74t1.35 | 84.52+0.68
ionosphere 89.74+:1.03 | 89.74+0.74 | 89.00:0.31 | 84.02t0.70 | 86.55:0.48 | 91.770.47
iris 92.80:0.93 | 94.670.70 | 95.20:0.53 | 94.670.00 | 84.27A40.78 | 95.93t0.38
labor 84.91+1.89 | 80.18t3.31 | 85.44+2.20 | 92.28t1.23 | 87.54t1.74 | 93.68t1.23
lymph 7459150 | 75.471.91 | 81.96t1.28 | 85.00t1.34 | 84.93t1.72 | 83.111.23
primary-t. 40.411.09 | 41.83t1.25 | 39.76+0.50 | 38.23t0.96 | 46.58t0.55 | 49.47+0.94
segment 92.20t0.55 | 96.9Qt0.28 | 97.29+0.12 | 97.1%40.16 | 83.23t0.09 | 85.8%0.15
sonar 71.73t2.02 | 73.32£1.90 | 85.8740.56 | 84.711.13 | 72.451.09 | 71.941.11
soybean 86.56:0.96 | 92.47054 | 91.1140.21 | 87.88:0.34 | 93.69t0.13 | 92.90t0.21
vehicle 64.93t0.97 | 72.74t1.28 | 69.1740.64 | 70.04t0.60 | 74.23t0.58 | 61.04+0.60
vote 94.53t0.69 | 96.46£0.27 | 92.60Q£0.24 | 93.31+0.23 | 95.63t0.00 | 90.16+0.18
vowel 72.09t1.12 | 80.171.04 | 99.110.15 | 98.7740.28 | 42.92t068 | 70.58t1.15
Z0o 89.70:0.96 | 92.28t0.42 | 96.04+0.00 | 96.04t0.00 | 92.5A41.88 | 95.05t0.00
| Average | 79.04 | 8034 | 8141 | 8132 | 7915 | 79.87 |




Table2 shavs the performancef the basealgorithmson the datasetsAll of them
have theirrespectre strengthaindweaknesseandperformwell on somedatasetand
badly on others.Judgingby the averageaccurag (a somavhatproblematicmeasure,
seebelaw), KernelDensity andKStar seemto have the competitive edge.

3.3 Meta-ClassificationSchemes

Onthesebasealgorithms we testedthe following four meta-classificatioschemes:

e Grading is ourimplementatiorof thegradingalgorithmsdescribedn section2.
It usesthe instance-basedassifieriBk with ten nearesnheighborsasthe meta-
level classifier This choiceis discussedn moredetail in section3.5. As de-
scribedin the previoussection ourimplementatiormadeuseof theclassproba-
bility distributionsreturnedoy thebaseclassifiersiBk estimatesheclassproba-
bilities with a Laplace-estimatef the proportionof the neighborsn eachclass.
Theseestimatesrethennormalizedto yield a properprobability distribution.

e X-Val chooseghebestbaseclassifieron eachfold by aninternalten-foldcross-
validation.

e Stacking is the stackingalgorithm asimplementedn WEKA, which follows
(Ting & Witten, 1999). It constructshe metadataseby addingthe entirepre-
dictedclassprobability distributioninsteadof only themostlikely class(cf. end
of section2) Following Ting andWitten (1999),we alsousedMultiLinearRegres-
sion asthelevel 1 learne®

e Voting is a straight-forwardadaptatiorof voting for distribution classifiers.In-
steadof giving its entire vote to the classit considergo be mostlikely, each
classifieris allowedto split its vote accordingto its estimateof the classprob-
ability distribution for the example. Voting addsup the distributions of all six
baselearnersyenormalizeghe sum,andchooseghe classwith highestproba-
bility afterwards.It differsfrom the otherthreemeta-classificatioschemesn
thatit doesnot makeuseof the classpredictionscomputedy theinternalcross-
validation. It is mainly includedasa benchmarlof the performancehatcould
be obtainedwithout resortingto the expensve cross-alidation of every other
algorithm.

As notedabore, all algorithmsmadeuseof the classprobability distributionsreturned
by the baseclassifierdnot only of the predictionghemseles). This choicewaspartly
motivatedby the existing implementatiorof Stacking within WEKA, and partly be-
causeof theexperimentakvidencethatshovsthattheuseof classprobability distribu-
tions givesa slightly betterperformancén combiningclassifierswith stacking(Ting

) . + . . -
5The exactformulafor the confidences p(+) = Z+ ~2  wheren. is thesizeof thetrainingsetandp

of k neighborsarebeinggradedas+. ‘
Swith stacking,relatively global and smoothlevel-1 generalizershouldperformwell (Wolpert, 1992;
Ting & Witten, 1999).



Table3: Accuray (%) + standardleviationfor the meta-classificatioachemesrad-
ing, X-Val, Stacking, andVoting.

| Dataset | Grading | X-Val | Stacking | Voting |
audiology 83.36+0.84 | 77.6%41.80 | 76.02:1.68 | 84.56£0.85
autos 80.93t0.99 | 80.83t1.42 | 82.20+1.68 | 83.51+1.23
balance-scale| 89.89t0.28 | 91.54+0.32 | 89.50+0.47 | 86.16+0.51
breast-cancel| 73.99t0.79 | 71.64+1.65 | 72.06:1.17 | 74.86+0.65
breast-w 96.70+0.38 | 97.470.12 | 97.410.13 | 96.82+0.30
colic 84.38t0.60 | 84.48t0.86 | 84.78t0.74 | 85.08t0.52
credit-a 86.01+0.36 | 84.87:0.83 | 86.09t0.86 | 86.04+0.48
credit-g 75.64+0.53 | 75.48t0.32 | 76.1A40.60 | 75.23t0.55
diabetes 75.53t0.64 | 76.86£0.51 | 76.32:0.41 | 76.25+0.99
glass 74.35%1.24 | 74.44t1.74 | 76.451.06 | 75.70:1.76
heart-c 82.74+1.31 | 84.09t0.74 | 84.26+0.54 | 81.55¢+1.42
heart-h 83.64t0.47 | 85.78t0.48 | 85.14+0.88 | 83.16+0.65
heart-statlog || 84.22t1.08 | 83.56+1.49 | 84.04+0.73 | 83.30:1.39
hepatitis 83.42+1.52 | 83.03t1.69 | 83.29t1.62 | 82.770.81
ionosphere 91.85+0.49 | 91.34+0.66 | 92.82:0.44 | 92.42+0.54
iris 95.13t0.45 | 95.2Qt0.76 | 94.93t1.14 | 94.93t0.84
labor 93.68t1.23 | 90.35t3.33 | 91.58t1.61 | 93.86+1.24
lymph 83.45t1.28 | 81.69t1.76 | 80.2Q:0.72 | 84.05£1.53
primary-t. 49.4741.26 | 49.23+0.95 | 42.63+1.45 | 46.02+0.64
segment 98.03t0.15 | 97.05+0.22 | 98.08t0.11 | 98.14+0.19
sonar 85.05+0.77 | 85.05t0.95 | 85.58t1.01 | 84.23t1.17
soybean 93.91+0.33 | 93.69:0.13 | 92.90+0.60 | 93.84+0.33
vehicle 74.46£0.74 | 73.9Qt0.57 | 79.89:0.40 | 72.91+0.52
vote 95.93t0.22 | 95.95t0.36 | 96.320.42 | 95.33+0.29
vowel 98.74+0.33 | 99.06£0.14 | 99.0Gt0.10 | 98.8G+0.36
Z00 96.44+0.69 | 95.05t1.04 | 93.96+1.09 | 97.23+0.78
| Average | 8504 | 8459 | 8468 | 8488 |

& Witten, 1999)and ensemblenethods(Bauer& Kohavi, 1999). We did somepre-
liminary studieswhich seemedo indicatethatthisis alsothe casefor Grading, but we
did notyet attempta thoroughempiricalverificationof this matter

3.4 Comparing the Meta-ClassificationSchemes

Table3 shavstheaccuracie$or all meta-classificatioachemesndtheir standardie-
viationsw.r.t. eachdatasetNot surprisingly no individual algorithmis a clearwinner
over all datasetseachalgorithmwins on somedatasetsndloseson others.On aver-

age,Grading seemdo beslightly moreaccuratehan Stacking (85.04%vs. 84.68%).



Table4: Significantwins/lossedor thefour meta-classificatioachemesgainsthem-
selesandagainstll metalearningalgorithms.Iln eachcolumn,thefirst numbershovs

the significantwins for the algorithmin the column,andthe seconchumberfor theal-

gorithmin therow. >~ metaand}_ basedenotewins/lossews. all metaandall base
learningschemesespectiely.

| | Grading | X-Val | Stacking | Voting ]

Grading — 5/6 717 2/4
X-Val 6/5 — 6/3 9/7
Stacking 717 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

Somevhat surprisingis the performanceof Voting: althoughit doesnot usethe ex-
pensve predictionsobtainedrom theinternalcross-alidation,it seemgo performno
worsethanthe otheralgorithmswhich do usethis information. Of course,a compar
ison of algorithmswith their averageaccurag over a selectionof datasetdasto be
interpretedvery cautiouslybecausef the differentbase-lineaccuraciesndvariances
on the differentproblems.In the following, we takea closerlook at the performance
differences.

Table 4 shaws significantwins/lossesof the meta-classificatiorschemesrersus
themselesandversusthe baseclassifiers.Significantdifferencesvere calculatedoy
a t-testwith 99% significanceevel. Positive andnegative differencesetweenclas-
sifierswere countedaswins andlossesrespectrely. Among the meta-classification
schemequpper part), Stacking and Grading are bestwith Grading slightly behind
(wins— losses= 4 vs. 3) while X-val andVoting lag far behind(morelosseghanwins).
Although this evaluationshaws that—contraryto the averageperformancediscussed
abore—Voting doesnot getcloseto Grading andStacking, it neverthelesoutperforms
X-Val. Henceaddingup the predictedclassprobabilitiesof differentclassifiersseems
to bea betterdecisionprocedurdghanselectinghe bestalgorithmby cross-alidation,
which is consistentwith otherresultson ensemble®f classifiers(Dietterich,2000).
Thelower half of Table4 shavsthatall meta-classificatioachemesrealmostalways
animprovementover the six baselearners.Measuredn termsof the differencede-
tweenwins andlosses Voting and Grading are both on first place (wins — losses=
103. Interestingly Stacking’s performanceseemsdo betheworst: it haslesswins than
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Table5: Performanceof Grading as significantly positive (+) andnegative (-) dif-
ferencedsn accurag vs. all baselearnersand the other meta-classificatioschemes.
Differencesvereevaluatedusinga-testwith 99%significanceniveau.

S

@ > ok

gl |z |58

Slel518|3|55 8|3
Dataset Inst. || Q| s |X | ¥X|=Z|Z2|X|®n|>
labor 57| + |+ | + + + 1+
Z00 101 + | + + |+ +1+
lymph 148 || + | + T
iris 150 || + + |+
hepatitis 55 + |+ | + | +
autos 205 || + + |+ + ]+ —
sonar 208 || + | + + |+
glass 214 + | + | + + | + _
audiology 226 | + |+ |+ |+ |+ |+ ||+ ]|+ -
heart-statlog | 270 + |+ |+
breast-cancer 286 || + + + + |+
heart-h 24+ [+ |+ [+ =1=1=1=
heart-c 03|+ |+ |+ ]+ -] - _
primary-t. 339 || + |+ |+ |+ |+ + | +
ionosphere /1| + |+ |+ |+ | + —
colic 68| + |- |+ |+ ]|+]|+
vote AB |+ |- |+ |+ [+ ]+ +
balance-scale 625 + |+ |+ |+ |+ | — || — +
soybean 683 + |+ |+ | + + T
credit-a 690 || + + [+ +1+1T+
breast-w 69 + [+ [+ |+ +=1-=-1-=
diabetes 768 + |+ |+ - —_ =
vehicle 846 || + | + | + | + + N
vowel 90 || + |+ | — FF 1=
credit-g 1000 + |+ | + | + +
segment 2310 + [+ |+ |+ |+ |+ || +
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Figure 2: This is a projectionof heart-statloginto two dimensionsusing principal
componentanalysis. This projectionaccountonly for 44.8%of datasewarianceso
it mayberatherskevedanddistorted.Examples areincorrectlyclassifiedand-+ are
correctlyclassifiedby NaiveBayes duringinternalcrossvalidation.

Voting and Grading, andthe mostlossesof all meta-classificatioschemes.Clearly,
meta-classificatioschemesreanimprovementover baseclassifierdn ary case.

A moredetailedook on Grading is providedby Table5, whichshowsits significant
differencesagainstall baseand metaclassifiers As canbe seen Grading is not worse
thanary baseclassifierson seventeendatasetsand betterthan all baseclassifierson
two datasetsamongthemthe largest(segmen). Nine times,Grading is worsethanat
leastoneclassifier two timesit is worsethantwo, andnever worsethanthreeor more.
Our meta-classificatioschemecanthusbe consideredanimprovementover the base
learnersn the majority of cases.

In head-to-headomparisonso the alternatve meta-classificatioschemesGrad-
ing is on parwith Stacking (7/7), andhasa slight advantageover X-val (+1 win) and
over\Voting (+2 wing). It seemdo bebetterthanStacking andX-Val onsmallerdatasets,
while it seemgo outperformVoting on largerdatasets.

In summary the performanceof Grading is comparabléao that of Stacking. Al-
thoughGrading hasa higheraverageperformanceover all datasetgTable 3) andhas
moresignificantwins againstbaseclassifiergTable4), its performancen a head-to-
headcomparisoris equalto thatof stacking(Table5).

3.5 Evaluation of Level-1 Classifiersfor Grading

Originally, our choiceof IBk asalevel 1 classifierwasmotivatedby two reasons:
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o For a baselearnerthat performswell, we canexpectthatthe error clustersare
quite small. We thoughtthat this problemcanmosteasilybe approximatedy
aninstance-basddarningalgorithmswhichdoesnothaveto explicitly represent
thecomplicateddecisionboundaries.

o We wantedto usea meta-learnethathasa differentbiasthanthe baselearners,
sothatit mayuncover differenttypesof regularities.

Thefirst aguments illustratedin figure 2 which shavs a 2D-projectionof the correct
andincorrectpredictionsof NaiveBayes onthe heart-statloglatasetWe think thatthis
problemmightalsobeanexplanationwhy cs wasnotableto producecomprehensible
characterizationsf modelerror in the relatedwork of Bay and Pazzani(2000) (see
alsosectiond4).

In a secondseriesof experimentswe wantedto testwhetherour intuitions were
correct. Table6 shows the resultsof the six baselearneraisedaslevel 1 learnersFor
theseexperimentsye usedonly aone-timel0-fold cross-alidationon all dataset¢as
opposedo theaverageof 10 cross-alidationsshown in the previoustables).

It turnsout that IBk with ten nearesneighbor$ is in fact one of the bestlevel 1
learnersamongthe seventested.The only algorithmthatappeargo be slightly better
is NaiveBayes.

However, all relative performancearewithin 1% of thatof 1Bk, i.e.,all algorithms
performaboutequal. This cameasa little surpriseto us, becausave had expected
that therewould be moredifferencedn this wide rangeof algorithms. Someof the
algorithmslearnlocal models(IBk), while othersalwaysconsiderall examplesfor de-
riving a prediction(KStar). Likewise, someof the algorithmsalwaysuseall of the
featureqNaiveBayes), while otherstry to focuson importantones(348). Apparently
the particulartype of meta-learningoroblemencounteredn grading,hassomeprop-
ertiesthatmakeit uniformly hardfor a wide variety of learningalgorithms.\We plan
furtherinvestigation®f this matterin thefuture.

4 RelatedWork

As alreadylaid out in the introduction, gradingis very similar to the approachin-
troducedby Bay and Pazzani(2000). They alsotrain a classifierto learnwhethera
classifications reliableor not. However, they did not usethis approachor decision
making, but insteadaimedat providing insight aboutthe domainregionsin which a
learneris notableto discriminatewell. Amongthetwo level-1 learnerghey analyzed,
they foundthatC5 doesnot producesufiiciently understandableonceptdescriptions,
while their own algorithm STUCCO wasa little better Grading, on the otherhand,
learnsone suchclassifierfor eachbaseclassifier and usestheir outputfor makinga
final prediction.

This idea of training a meta-classifieto utilize the predictionsof multiple base
classifierds, of coursenotnew andcanbefoundin severalvariationsin theliterature.

7After choosingBk asthelevel 1 classifieandprior to the evaluationdescribedn this section) we had
experimentallydeterminedhe numberof neighborgk = 10) usinga one-timel0-fold cross-alidationon
all datasets.
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Table6: Grading with differentlevel 1 classifiersThefirst columnshovstheaccurag

of IBk, all othercolumnsshav accurag ratios(%‘wigﬁg’)).

S

@ > g

8 [ = 9

5 8 2 g

s ., & 5 2 ¢
Dataset @ a S < Q 3 3
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
Z00 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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The best-knevn techniques stacking(Wolpert,1992),which is why we selectedt as
a benchmarlfor our algorithm. In our experimentswe closelyfollowedthe recom-
mendationsnadeby Ting andWitten (1999).

Themaindifferencedetweergradingandstacking(or combinersyarethatthefor-
mer doesnot changethe independenvariables—byreplacingthe original attributes
with classpredictionsor classprobabilities(or addingthemto it)—but insteadmod-
ifies the classvalues. Furthermorewe createseveral setsof meta-datapnefor each
baseclassifier andconsequentlyearnseveral level-1 classifiers.Our predictionsare
currentlycombinedvia a form of voting using predictionconfidenceestimatedrom
classdistribution, but more elaborateschemesould be usedhere,e.g. by a second
meta-classifiewhich combinesthe predictionconfidence®f thefirst meta-classifier
yielding athreelevel stackedarchitecture.

Chanand Stolfo (1995) proposethe useof arbitersandcombiners A combineris
more or lessidenticalto stacking. Chanand Stolfo (1995) alsoinvestigatea related
form, which they call anattribute-combinerin this architecturethe original attributes
are not replacedwith the classpredictions,but insteadthey are addedto them. As
Schafer (1994) shavs in his paperaboutbi-level stacking,this may resultin worse
performance.

CascadindGama& Brazdil, 2000)is anotherelatedvariantwherethe classifiers
are appliedin sequencandthereis no level 1 classifier Eachbaseclassifiey when
appliedto the data,addshis classprobability distribution to the dataandreturnsthis
augmentedlatasetwhich areto be usedby the next baseclassifier Thus,the order
in which the classifiersare executedbecomesmportant. Cascadingloesnot usean
internalcross-alidationlike mostothermeta-classificatioschemegonsiderechere,
exceptvoting, andis thus more efficient by an order of magnitude. In gradingand
stackingthe classifierorderis not important, therebyreducingthe degreesof free-
domfor classifierselectiorandthusofferinglesschancedor overfitting. Furthermore,
cascadingncreaseshe dimensionalityof the datasetvith eachstepwhereagrading
leavesthe dimensionalityessentiallyunchanged.

The maindifferencedetweengradingandstacking(or combinersgascadingare
thatit doesnot changethe independentariables—byreplacingthe original attributes
with classpredictionsor classprobabilities(or addingthemto it)—but insteadmod-
ifies the classvalues. Furthermorewe createseveral setsof meta-datapnefor each
baseclassifier andconsequentiyearnseveral level-1 classifiers.Our predictionsare
currentlycombinedvia a form of voting using predictionconfidenceestimatedrom
classdistribution, but more elaborateschemesould be usedhere,e.g. by a second
meta-classifiewhich combinesthe predictionconfidence®f thefirst meta-classifier
yielding a threelevel stackedarchitecture.

An arbiter(Chané& Stolfo, 1995)is a separatesingle classifiey which is trained
on a subsebf the original data. This subsetconsistsof exampleson which the base
classifierdlisagreeThey alsoinvestigatearbiter trees in whicharbitersthatspecialize
in arbitingbetweerpairsof classifiersaareorganizedn a binarydecisiontree. Arbiters
arequitesimilarin spirit to grading. Themaindifferencds thatarbitersuseinformation
aboutthe disagreementf classifiersfor selectinga training set, while gradinguses
disagreementvith the target function (estimatedoy a cross-alidation)to producea
new trainingset.
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Quite relatedto gradingis alsothe work by Ting (1997), who proposedo use
the predictionsof baseclassifiersfor learninga function that mapsthe algorithms’
internalconfidencemeasurde.q.,instanceypicality for nearesteighborclassifiersor
a posterioriprobabilitiesfor Naive BayesclassifiersYo an estimateof its accurag on
the output. The maindifferencego gradingis thatwe usethe original featurevectors
asinputs, and selectthe bestpredictionbasedon the classprobabilitiesreturnedby
thosemetaclassifiersghat predictthat their correspondindpaseclassifiersare correct
ontheexample.

A third approactwith asimilar goal,metadecisiontrees(Todorosski & DZeroski,
2000),aimsatdirectly predictingwhich classifielis bestto classifyanindividualexam-
ple. To this end, it usesinformationaboutstatisticalpropertiesof the predictedclass
distribution as attributesand predictsthe right algorithmfrom this information. The
approachs not modular(in the sensethatary algorithmcould be usedat the meta-
level) but implementedas a modificationto the decisiontreelearnerC4.5. Grading
differsfrom metadecisiontreesin thatrespectandby the fact thatwe usetheoriginal
attributesin the datasetgor learningan ensemblef classifieravhich learnthe errors
of eachbaseclassifier

Therearemary approacheshat combinemultiple modelswithout resortingto an
elaborataneta-classificatioschemeBestknown areensemblanethodssuchasbag-
ging andboostingwhichrely onlearninga setof diversebaseclassifierqtypically by
usingdifferentsubsamplesf thetrainingset),whosepredictionsarethencombinedoy
simplevoting (Dietterich,2000). Anothergroupof techniquesmeta-learningfocusses
on predictingthe right algorithmfor a particularproblembasedon characteristicef
the datase{Brazdil, Gama,& Henery 1994) or basedon the performanceof other
simplerlearningalgorithms(Pfahringer Bensusan& Giraud-Carrier2000). Finally,
anotherrcommondecisionprocedurdin particularwith largerdatasetsis to takea sub-
sampleof the entiredatasetandtry eachalgorithmon this sample.This approactwas
analyzeddy Petrak(2000).

5 Conclusions

We have examineda new meta-classificatioscheme grading. Essentially the idea
behindgradingis to train a new classifierthat predictswhich baseclassifierds correct
on a givenexample. To thatend, the original datasetis transformednto a two-class
datasewith new classlabelsthat encodewhetherthe the baseclassifierwasableto
correctly predict this examplein an internal cross-alidationor not. This approach
may beviewedasa directgeneralizatiorof selectiorby cross-alidation,whichwould
alwaysselectthe baseclassifierthat corresponds$o the metadatasetvith the highest
defaultaccuray.

The experimentalevaluationshowved that gradingis slightly betterthan stacking
accordingo someperformanceneasureglike the averageperformancen a selection
of UCI dataset®sr anindirectcomparisono the baseclassifiers)put in ahead-to-head
comparisorthe differencesare not statisticallysignificant. Both algorithms,stacking
andgrading performbetterthanvotingandselectiorby cross-alidation.Furthermore,
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gradingseemsto be biasedtowardsgood performanceon small datasets.This is a
someavhatsurprisingresultandshouldbe studiedin thefuture.

Our resultsalsoshav that the methodseemso be quite insensitie to the choice
of a meta-learningalgorithm. This is quite surprising,aswe investigated variety of
algorithmswith very differentbiases.We areyet unsurewhy this is the case.A pos-
sible reasommay lie in the factthatfor reasonablgerformancesf the baselearning
algorithms,the two-classmetadataset consistsof far more correctthanincorrectly
predictedexamples.Hencethelearnershouldbe ableto dealwith imbalancedraining
sets,which noneof the algorithmswe testedspecializesn. We have not yet investi-
gatedtheinfluenceof thisissueuponthe performancef the learningsystem.

Someoptimizationsof the implementationsuch as weighteddistancesvariable
numbersof nearesneighborsor (maybemostimportantly)the useof morecomple
techniguesor combiningthe metaclassifiershave notyetbeenthoroughlyexamined.

Weremainhopefulthatourapproachmayin time becomecomplementaryo stack-
ing. Our currentwork concentratesnthedefinitionof acommonframevork for meta-
classificatiorschemesyhich allows a thoroughexperimentalandtheoreticacompar
ison of thedifferentapproachethathave beenproposedn theliterature.
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