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Abstract

In this paperwe describenav experimentswith
theensembléearningmethodStacking. Thecen-
tral questionin theseexperimentswas whether
meta-learningnethodscanbeusedto accurately
predictvariousaspectf Stacking’s behaiour.
Theresultingcontributionsof this paperaretwo-
fold: Whenlearningto predictthe accurag of
stackedlassifierswe foundthatthe singlemost
importantfeatureis theaccurayg of thebestbase
classifier A simplelinear modelinvolving just
this featureturns out to be surprisingly accu-
rate. The associatedegressionline hasa gra-
dient larger than one, hinting that, in the limit,
Stacking is indeedbetterthanthe bestincluded
baseclassifier Whenlearningto predictsignifi-
cantdifferencedetweerstacking andthreeother
ensembldearningmethodswe have found sim-
ple modelsall but oneof whicharebasen sin-
gle featureswhich can be efficiently computed
directly from the dataset. Thesemodelscanbe
usedto decidein advancewhichensemblédearn-
ing methodto useon a given datasetsincenei-
therof themis alwaysthebestchoice.

1. Intr oduction

Meta-learning focusseson predictingthe right algorithm
for a particular problem basedon characteristicof the
dataset(Brazdil, Gama & Henery 1994) or basedon

the performanceof other simpler learning algorithms
(Pfahringer Bensusar& Giraud-Carrier2000). Herewe

are concernedwith meta-learningof ensemblelearning
schemer meta-classificatiorsdhemes Stacking canbe
consideredthe best-knovn such schemeand was intro-

ducedin (Wolpert, 1992). We take a more generalview

of meta-learningnduseit to predicttwo aspect®f Stack-

ing’s behaiour.

First, we investigatedpredictingthe accurag of stacked
classifiers,to seewhich factors contritute to its perfor

mance.For this, we considered variety of featurescom-

1The term Meta-Learningis also usedelsavhereto refer to
ensembldearningschemes- so in a way we achieve to relate
bothaspect®f thistermin our paper

putedeitherdirectly from thedatasebr from theclassifiers
which werepartof the ensembleConsideringhe unsatis-
factory stateof thisfield (Pfahringey Bensusar& Giraud-
Carrier 2000; Bensusar& Kalousis,2001),we weresur
prisedto find thata singlefeatureis ableto predicttheac-
curay surprisinglywell.

Afterwardswe aimedto decidevia meta-learningheques-
tion which meta-classificatiorschemeto apply to the
datasetit hand.Trying to predictthe bestschemamayfail
becausehis doesnot takeinto accounthatmorethanone
bestschemeanayexist—evenall consideredlassifieranay
be statistically indistinguiskable on somedatasets! Our
approachtakesthis into accountby constructingbinary
problemsconcernedvith finding which one of two meta-
classificatiorschemess significantlybetterthanthe other
while excludingthoseexampleswvherebotharestatistically
indistinguishal#— sincein thatcase bothanswersanbe
consideredorrect. Sincewe focuson Stacking in this pa-
per, we do not considerall possiblepairsof two schemes
but only thosethreeinvolving Stacking.

1.1 Intr oducing Meta-ClassificationSchemes
Whenfacedwith the decision“Which algorithmwill be
mostaccuraten my classificatiorproblem?” thepredom-
inantapproachs to estimatethe accurag of the candidate
algorithmson the problemandselectthe onethatappears
to be mostaccurate.Schafer (Schafer, 1993) hasinves-
tigatedthis approachin a small studywith threelearning
algorithmson five UCI datasets His conclusionsarethat
on the one handthis procedureis on averagebetterthan
working with a singlelearningalgorithm,but, on the other
hand,the cross-alidationprocedureoften picksthewrong
basealgorithmonindividualproblemsThis problemis ex-
pectedto becomemore severewith anincreasingnumber
of classifiers.

As a cross-alidation basicallycomputesa predictionfor
eachexamplein thetraining set, it wassoonrealizedthat
thisinformationcouldbeusedin moreelaboratevaysthan
simply countingthe numberof correctandincorrectpre-
dictions. The best-knavn suchmeta-classificatiosdeme

2Earlier experimentsusing an additional classfor this case
were unsuccedsll — this may be explained by too much class
overlap,seeFigurel.



Tabke1. The useddatasetsvith numberof classeandexamples,
discreteandcontinuousattributes,baselineaccurayg (%) anden-
tropy in bits perexample(Kononenka& Bratko,1991).

Dataset cl Inst | disc | cont bL E
audiology 24 | 226 69 0| 25.22| 351
autos 7 205 10 16 | 32.68 | 2.29
balance-scalg 3 625 0 4| 4576 | 1.32
breast-cancen 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| 3551 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 | 1429 | 2.81
sonar 2 208 0 60 | 53.37 | 1.00
soybean 19 683 35 0| 1347 | 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

is the family of stadking algorithms(Wolpert,1992). The
ideabehindstackings to usethepredictionsof theoriginal

classifiersasattributesin a new training setthatkeepsthe
original clasdabels.EssentiallyStacking combinesoutput
from a setof baseclassifierssia onemetaclassifier

A straightforwardextensionof this approachs usingclass
probability distributionsof baseclassifierd which corvey

notonly predictioninformation,but alsoconfidencdor all

classes. This was found to be superiorin (Ting & Wit-

ten,1999)whenusedwith multi-responsénear regression
(MLR) asmetaclassifier We usedthis extensionin our ex-

periments.

We will now describeour experimentalsetupandour two

setsof featuresdescribingdatasetharacteristicandbase
classifieraccurag & diversity Thenwe will give results
for predictingthe accurayg of stackecclassifiersfollowed
by meta-learningf significantdifferencesAfterwardswe

giveashortoverviewv onrelatedmeta-learningesearctand
concludethis paper

2. Experimental setup

In our experimentswe usedtwenty-sixdatasetsrom the
UCI machinelearningrepository(Blake & Merz, 1998).

SEvery predictionis replacedy a vectorof probabilities,one
for eachclass.

Detailscanbefoundin Tablel. We usedStackingwith all
of thefollowing seven baseclassifierdor our experiments,
whichwerechoserin anattempto maximizediversity. All
algorithmsweretakenfrom the Waikato Environmentfor
KnowledgeAnalysis(WEKA%), Version3-1-8.

e DecisionTable: adecisiontablelearner

¢ IBk: thelBk instance-base@arnerusingK=1 nearest
neighborsK=1 waschoserto offsettheK* algorithm
with amaximallylocal learner

e J48: aJavaportof C4.5Releasa (Quinlan,1993)
¢ KernelDensity: a simplekerneldensityclassifier

e KStar: theK* instance-baseléarner(Cleary& Trigg,
1995), using all nearestneighborsand an entropy-
basedlistanceunction.

¢ MLR: amulti-classlearnemasedn linearregression,
whichtriesto separateachclassrom all otherclasses
by linear discrimination(Multi-responsd.inear Re-
gression

¢ NaiveBayes: the Naive Bayesclassifieusingmultiple
kerneldensityestimationfor numericattributes.

We usedthefollowing four meta-classificatioachemes.

e Stacking is the stackingalgorithmasimplementedn
WEKA, whichfollows(Ting & Witten,1999).1t con-
structsthe metadataseby addingthe entirepredicted
classprobability distributioninsteadof only the most
likely class.We usedMLR asthelevel 1 learner

¢ X-Val chooseghe bestbaseclassifieron eachfold by
an internalten-fold CV. This is just the selectionby
cross-alidationwe mentionedn thebeaginning.

e Voting is a straight-forwardadaptationof voting for
distribution classifiers. Insteadof giving its entire
vote to the classit considergo be mostlikely, each
classifieris allowed to split its vote accordingto the
baseclassifiers estimateof the classprobability dis-
tribution for the example. I.e. the meanclassdistri-
bution of all classifiersis calculated. It is the only
schemewhich does not use an expensie internal
cross-alidation.

¢ Grading is animplementatiorof thegradingalgorithm
evaluatedn (Seevald & Furnkranz 2001)whichuses
IBk (K = 10) asmeta-classifier Basically Grading
trainsa metaclassifierfor eachbaseclassifierwhich

“The Java sourcecodeof WEKA hasbeenmadeavailableat
www.cs.waikato.ac.nz.

SRelatively global and smoothlevel-1 (=meta) generalizers
shouldperformwell (Wolpert,1992;Ting & Witten, 1999).



triesto predictwhenits baseclassifierfails. This de-
cisionis basedon thedatases attributes.A weighted
voting of thebaseclassifierspredictiongivesthefinal
classprediction. The voting weightis the confidence
for a correctpredictionof a baseclassifier which is
estimatedy its associatedhetaclassifier

We usedse/enteerdataset-relatefbaturesvhich uniquely
characterizeéhe dataset. Thesewereinspiredby the Stat-
LOG project(Brazdil, Gama& Henery 1994)andreim-
plementedn WEKA.

¢ Inst, thenumberof examples.

¢ log(Inst)whichis the naturallogarithmof Inst.

¢ Classesthenumberof classes.

o Attrs, thenumberof attributes(excludingtheclass)

¢ PropNomAttrsnumberof nominalattributesasa pro-
portionof NumaAttrs

¢ PropContAttrs numberof numericattributesasa pro-
portionof NumaAttrs

¢ PropBinAttrs numberof binary-valued nominal at-
tributesasa proportionof NumAttrs

¢ ClassEntopy, theentropyof theclassattribute.
o AttrEntropy, theentropyof all attributes.

¢ MutualEntopy, the mutual entropyof classand at-
tributes.

e EquivAttrs the equivalent number of attributes,
ClassEntropy
Mutual Entropy

FEquivAttrs

¢ RelEquivAttrs ==

¢ S/N thesignal-to-noiseatio.

¢ MeanAbsCorrthemeanabsolutepairwisecorrelation
betweerall differentpairsof numericattributes.

¢ MeanAbsSke themeanabsoluteskew of all numeric
attributes.

o MeanAbskirtosis the meanabsolutekurtosis of all
numericattributes.

o defAccthedefaultaccuray, i.e. theproportionof the
mostcommonclass.

Additionally, we usedthe accuraciesf our seven base-
learnersasfeatures We alsocalculatedstandardstatistical
featuresof this setof seven accuracies.Furthermorewe

usedthe samestatisticafeaturesover pairwisebaseclassi-
fier x-statistic§, a measuref diversitydueto (Dietterich,
2000)

e Se/en accurag values,one for eachbaseclassifier
(DT, 1Bk-K1,J48,KD, KStar MLR, NB-K)

¢ Eight statistical featuresdescribingthe set of ac-
curagy values (MinAcc, MaxAcc, MeanAcc, StDe-
vAcc,SkevAcc, SkavAcc, KurtosisAccrelRangeAcc
— MazAcc—MinAcc

StDevAce

e Eight statistical featuresdescribing the set of all
pairwise k-statisticsbetweenbaseclassifiers(MinK,
MaxK, MeanK,StDe/K, SkevK, SkevK?, Kurtosisk,
relRangeK

. reIMeanAcc-ﬁ:fjgg ,

defaultaccurag.

theratio of averageaccurag to

The above featureswere computedboth on the full data
setandalsoon predictionsestimatedvia tenfold crosswal-
idation. For meta-learningof significantdifferenceswe
only usedthe latter setbecauseét consistentlyofferedbet-
ter estimatesluringthefirst task.All statisticaldifferences
for meta-learningverecomputedria at-Testwith «=99%,
basedon the accuraciesgeneratedoy ten-timesten-fold
crosswalidation.

3. Estimating Stacking’s Accuracy

This sectionis concernedvith predictingthe accurag of
stackedtlassifiers Sincewe prefersimplemodelsby Ock-
ham’s Razor wefirst investigatedhesimplestmodelspos-
sible: basedon only a singlefeature. Thus,we assumed
linearrelationshipetweereachfeatureandthe accurag
of our stackedclassifierandcharacterizedhis relationby
statisticalcorrelationcoeficientsandmeanabsolutesrrors
(MAE). Afterwards we considereanorecomplex andnon-
linear modelsobtainedby various regressionalgorithms
from machindearning.

3.1 Linear Modelsbasedon Single Features

As a first step, we calculatedstatisticalcorrelationcoef-

ficients and meanabsoluteerrors (MAE) for all our fea-

tures,alwaysversusheaccurayg of the stackectlassifiers.
The dataset-relatetkaturescanbe foundin Table 2, and

the base-classifierelatedfeaturesn Table3. Correlations
andMAEs weredeterminedor all meta-datgAll ) andalso
via leave-one-outcrossalidation(CV). In theformer, this

estimatewasbasedon the outputof onelinear regression
modelcomputedrom all meta-@ampleg In thelattercase,

A valueof 1.0 standsfor identical predictionsbetweenwo
learnerswhile a value of 0.0 representsandomcorrelations. A
negative valuesignifiessystematialisagreemenetweerclassi-
fiers.

"Eachmeta-&ample consistof featurescomputedfrom one
original datasetgitherdirectly or indirectly, followed by the ac-



Tabke2. This table shows the correlationsand meanabsoluteer
rors (MAE) for dataset-relatefeaturesvs. the accuray. The
first column shows the correlationfor the full meta-dataset26
examples)thesecondcolumnshavsthe correlationestimatedy
leave-one-outrosswalidation.Bestfeaturesareshovn in bold.

Dataset All CcVv

Features Corr  MAE Corr  MAE
Inst 0.26 0.084| 0.03 0.090
logInst 0.11 0.087| -0.40 0.095
Classes 0.37 0.089| -0.09 0.100
Attrs 0.07 0.087| -0.58 0.094
PropNomAttr 0.29 0.087| -0.04 0.095
PropContAttr 0.29 0.087| -0.04 0.095
PropBinAttr 0.20 0.088| -0.30 0.098
ClassEntropy 0.16 0.089| -0.54 0.100
Attr Entropy 0.26 0.085| -0.05 0.094
Mutual Entropy 0.49 0.072| 0.42 0.077
EquivAtirs 0.58 0.068| 0.40 0.079
Rel Equiv Attrs 0.43 0.075| 0.26 0.082
S/N 0.23 0.083| 0.00 0.088
MeanAbsCorr 0.08 0.087| -0.47 0.093
MeanAbsSkew 0.06 0.087| -0.45 0.093
MeanAbsKurtosis | 0.06 0.088 | -0.37 0.095
defAcc 0.01 0.087| -0.94 0.095

this estimatewas basedon the output of twenty-six lin-
earmodelswhich weredeterminedusingall but onemeta-
example and evaluatedon the remaining meta-e¢ample.
Thelattercasels amorereliableindicatorof modelperfor
manceon unseerdata,however for meaningfulinterpreta-
tion the possiblydiversemodelshave first to be integrated
into a coherentvhole.

As canbe expectedrom ahigh-biadinearmodel,all base-
classifierelatedfeaturesshowv agracefuldegradatiorfrom
All to CV. We were surprisedto note thatthis is not al-
waystruefor thedataset-relatefibatures abouthalf of the
featureshave aneggative correlationfor CV whoseabsolute
valueis higherthanthe positive correlationfor All. This
highernegative correlationcanunfortunatelynotbeusedto
predictstackedaccurag® andis alwayscoupledto alarge
MAE. It seemghatalot of the dataset-relatefitaturesare
not relevant to this task or that a one-dimensionalinear
modelis not appropriateo find a meaningfulrelation. In
ary caseif we disregardnegative correlationsthe highest
correlationis alwayscoupledwith the lowestMAE aswe
would expectit to be.

In the caseof base-classifierelatedfeatureswe have an
additionaldimension:we can estimatethe baseclassifier
accuracie®n thefull datase{AllT, CV T) or via tenfold

curag of thestackedtlassifier

8Themaximumnegative correlationappearsn featuredefAcc
(-0.94;CV) Thiscorrelationis basedntwenty-sixdifferentmod-
els,oneperleave-one-outrainingfold. All datawould haveto be
usedto determinghefinal regressiorline, but thenthis resultcan
no longerbe validatedand seemscertainly too optimistic. This
canalsobeseenby the quitehigh MAE.

crosswalidation (All, CV). Since Stacking usesCV inter-

nally, we expect All and CV to be better predictorsfor

stackedhccuray. Thisisindeedthecase-asinglefeature,
MaxAcg¢ alreadyyields excellentresults. Eventhoughthe
internal CV of Stacking is basedon lessdatathanthe CV

usedto obtainMaxAcg it is still quite competitive to the
bestclassifierby hindsight!

However, computing a crosswalidation on the original
datasetcomeswith a non-ngligible computationalcost.
Ontheotherhand,to computethefeaturedor All andCV

we generatadatawhich could be usedas meta-datasdbor

Stacking sonothingis lost. Whatwe getin this caseis that
we do not have to computethe outer cross-alidationand
we do not needto run the metaclassifierten timesto ob-
tainareasonablestimateof stackectlassifiemccurag. So
thisis still abouttenfoldmoreefficient thatrunningStack-

ing directly. An additionalcomputationalkost reduction
by the samefactor could be obtainedby usingtraining set
accurag —which motivatesthe AlIT andCV T set.As ex-

pectedjn this casewe getlessgoodresultsfor bestsingle
feature MeanAcc

3.2 Combinedfeatures

In orderto testhow we may improve our resultsby using
multiple featureswe resortedto usingstandardmachine-
learning approachedor regressionon our meta-dataset.
We createdone meta-datasewith accurag estimatiorvia
training set(MetaTrain) andoneestimatedsia tenfold CV
(MetaC\). The dataset-relatefeatureswere includedin
bothcases.

Weinitially decidedo evaluatelinearregression. WR (lo-
cally weightedregression, modeltrees, regressiortrees,
KStar andiBk instancebasedearnersatthe meta-level, but
linear regressiorandmodeltreesproved superiot®, sowe
only usedthesewo learnerdor furtherexperiments.
Sofar, the bestsinglefeatureswere MaxAccfor MetaCV
(Train: ¢=0.96, MAE=0.021; CV: ¢=0.96, MAE=0.022)
andMeanAccdfor MetaTrain (Train: c=0.84, MAE=0.045;
CV: ¢=0.81,MAE=0.049).We will now turntowardsmod-
elsfrom multiplefeaturego seeif we canimproveonthese
simplemodels.

For MetaCV the bestmodelwasa modeltree. Both the
training setmodelandall but one crosswalidatedmodel!
were linear functionsof a single feature,MaxAcc Con-
sequently the performanceon the training set is identi-
cal to the single-featurecase(c=0.96, MAE=0.021). The
leare-one-outCV is very slightly worse with ¢=0.95,
MAE=0.023.In thiscasecombinedeaturesarenotableto
yield betterperformancahanthe bestsinglefeature. The
bestmodelfor theaccurayg of thestackedlassifielis thus:

SM5Primefrom WEKA, see(Wang& Witten, 1997)

10Both werealwaystop two by highestcorrelationandlowest
MAE with therestof thefield — usuallyfar — behind.

"generatedia leave-one-ouCV onthe meta-data



Tabke3. This table shows the correlationand meanabsoluteerrors (MAE) on base-classifierelatedfeaturesvs. the accurag. For
thefirst two columns,all featuresare basedon training setperformanceof the baseclassifiers. For the lasttwo columns,a ten-fold
crosswalidationwasusedto determinebetterbut morecostly estimate®f baseclassifierperformanceThefirst andthird columnshov
thecorrelationsandMAE onthefull meta-datasethesecondandfourthcolumnshow correlationandMAE estimatedria leave-one-out

crosswalidation.

Classifier AlT CVT All CcVv

Features Corr MAE Corr MAE | Corr MAE Corr MAE
DT 0.77 0.055| 0.67 0.062| 0.83 0.046| 0.79 0.051
1Bk - K1 0.72 0.072| 0.69 0.076| 095 0.030| 0.94 0.032
J48 0.79 0.055| 0.73 0.061| 0.84 0.042| 0.81 0.046
KD 0.69 0.076| 0.53 0.086| 0.95 0.029| 0.94 0.031
K Star 0.59 0.084| -0.21 0.102| 0.93 0.037| 0.92 0.040
MLR 0.50 0.072| 0.07 0.084| 0.32 0.083| -0.11 0.097
NB - K 0.81 0.050| 0.73 0.056| 0.77 0.052| 0.68 0.059
MinAcc 0.58 0.069| 0.27 0.080| 0.40 0.078| 0.00 0.091
MaxAcc 0.71 0.072| 0.68 0.088| 0.96 0.021| 0.96 0.022
MeanAcc 0.84 0.045| 0.81 0.049| 092 0.033| 0.91 0.036
StDevAcc 0.58 0.065| 0.36 0.074| 0.26 0.083| 0.05 0.088
SkewAcc 0.46 0.073| 0.31 0.079| 0.32 0.083| 0.02 0.091
Skew Acc? 0.35 0.081| 0.16 0.087| 0.20 0.083| -0.10 0.089
KurtAcc 0.39 0.077| 0.22 0.083| 0.29 0.083| 0.12 0.088
rel RangeAcc | 0.40 0.075| 0.26 0.080| 0.20 0.090| -0.20 0.097
MinK 0.56 0.065| 0.46 0.069| 040 0.075| 0.23 0.081
MarK 0.00 0.087| -0.19 0.096| 0.18 0.085| -0.14 0.091
MeanK 0.70 0.059| 0.61 0.064| 0.64 0.060| 0.57 0.065
StDevK 0.48 0.063| 0.36 0.068| 0.15 0.086| -0.20 0.100
SkewK 0.58 0.071| 0.43 0.078| 0.66 0.064| 0.58 0.070
SkewK? 0.61 0.082| 0.32 0.094| 0.57 0.075| 0.42 0.083
KurtK 0.52 0.088| 0.09 0.100| 0.59 0.070| 0.47 0.077
rel Range K 0.08 0.090| -0.81 0.099| 0.35 0.076| 0.21 0.081
relMeanAcc | 0.28 0.082| 0.08 0.087| 0.38 0.078| 0.27 0.082

StAce = 1.074 « MaxAce — 0.082

For MetaTrain, the best model was generatedy linear
regression. While the performanceon the training set
is better(c=0.96, MAE=0.023), the leave-one-outCV is

worsein bothmeasurethanthebestsinglefeature(c=0.74,
MAE=0.057). This is most probably due to overfitting.

Thuswe have alsofoundno bettermodelthanthe bestsin-

glefeature.

However, from preliminary experimentsusing a smaller
featuresetwe hadalreadyseerbettemresultsor MetaTrain.

Thereforewe have decidedto run a wrapperfeaturesub-
setselectionfor bothlinearregressiorandmodeltreesand
alsofor MetaCVandMetaTrain separately- four wrapper
subsetselectionsn all.

For featuresubseselectiorfrom MetaCV, thelinearmodel
wasbest,but modeltreeswereonly slightly behind.While

the training set performanceis clearly better (c=0.98,
MAE=0.016),theleave-one-ouCV shavsonly asmallre-

ductionin MAE from 0.022to 0.021;the correlationstays
the same. This small reductionis MAE is probably not
significant,sowe still concludethatfor MetaCV, we have

found no modelwhich is significantlybetterthanthe best

singlefeature MaxAcc

For feature subsetselectionfrom MetaTrain, the linear
modelwas also best, this time by a larger magin. Both

the training setperformancegc=0.97,MAE = 0.019)and
the leave-one-outCV performance(c=0.94, MAE=0.03)

are clearly betterthan the bestsingle feature, MeanAcc

Giventhat,asexpectedthe correlationis lowerand MAE

higherfor leare-one-outCV — anindicationagainstover-

fitting — we will now analyzeboth the modelon all data
andtwenty-sixcrosswalidationmodelsfurtherto seeif we

areableto integratetheminto a single,coherenimodelof

stackedtlassifieraccurag.

In eachleave-one-outfold, the linear modelusedall nine
selectedfeatures. So we determinedmeanand standard
deviation of themultiplicativeweightsof all featuresvhich

canbefoundin Table4. As canbeseentheweightsof the

modelfrom all data(Weight by train ) areall easilywithin

the confidenceintervals of the averageweightsfrom the

twenty-sixcrossalidatedmodels— anotherindicationthat
themodelis reasonable.

As expectedthebestsinglefeatureMeanAccdasthehigh-

estweight. MLR andDT, two baseclassifierfeaturesalso
obtain high negative weights. The defaultaccurag de-

fAccseemdo belessrelevant. Generally featuresderived



Tabke4. Thistableshovsthefeatureweightsof thebestmodelon
MetaTrain, bothof thetrainingsetmodelandthe averageweights
of thetwenty-sixcross-alidatedmodels.Constspecifieghecon-
stanttermof thelinearmodel.

Feature Weight Weight

by CV by train
MeanAcc 3.9850 + 0.1766 3.9700
MLR —0.9122 £+ 0.0503 | —0.9080
DT —0.6955 £+ 0.0685 | —0.6940
defAcc 0.1186 + 0.0114 0.1180
rel Range Acc 0.0804 + 0.0067 0.0796
PropNomAttr 0.0472 + 0.0050 0.0473
rel Range K 0.0039 + 0.0054 0.0042
FquivAttrs —0.0027 £ 0.0002 | —0.0027
Inst 0.0001 + 0.0000 0.0001
Const —1.7312 £ 0.0728 | —1.7300

from classifiersseemto be morerelevantin the context of
predictingaccurag than thosederived directly from the
datasetswhich wasalsofoundin (Bensusar& Kalousis,
2001). Spaceestrictionsprevent us from shaving there-
gressionformula, but it canbe easily constructedria Ta-
ble4.

4. Meta-Learning of Significant Differ ences
Thissectionis concernedvith predictingsignificantdiffer-
encedetweerstacking andthreeothermeta-classification
schemes. For eachof Stacking vs. Voting, Stacking vs.
Grading and Stacking vs. X-Val, we generateda sepa-
rate meta-datasetonsistingof all dataset-dependeand
classifierdependenteature$? followed by a binary class
variable,beingl if Stacking is significantlybetterthanthe
otherschemeand O otherwise. In casethereis no signif-
icantdifferencewe removed the respectie examplefrom
themeta-datasetinderthe premisethatin thiscasewe can
considerboth variantsto be equivalentandthusjudge ei-
theranswerto becorrect.

On thesemeta-datasetsaye evaluateda numberof stan-
dardmachindearningalgorithmsavailablein WEKA?3 via
leave-one-outcrosswalidation. We only discussthe best
modelswhich in mostcaseseemto be rathersimpleand
basedon single attributesonly, hinting that they may be
robust.

4.1 Stackingvs. Voting

For Stacking vs. Voting, there are twelve datasetswith-
out significant differences. After remaving them from
our meta-datasetwe have fourteeninstancesseven with
class=1sevenwith class=0.The baselineaccuray is thus
50%. Here,IBk is the bestmeta-learnewith anaccurag

12Becaus®f themuchbetterresultsin predictingstackedtlas-
sifier accurag, we only consideredhoseclassifierfeaturesesti-
matedvia cross-alidation.
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Figurel. This shows a projectionof the Stacking VS. Voting meta-
datasebnto two dimensionsyia principal componentsanalysis
(53.1%of varianceexplained).x standdor class=1(wherestack-
ing is better)ando for class=0.Thosedatasetsvhichwereno part
of the meta-datasetno significantdifferencesbetweenstacking
andvoting) arealsoshavn, asx .

of 92.86%anda singleerror for vote A cross-alidation
usingonly sevenfolds shawvs the exact sameresult.
Whenremaoring the base-classifielependenteatures|Bk
is still the bestclassifierwith anadditionalerroron labor,
thesmallestatasetIn thiscaseMLR whichis alsoaglobal
learneris equallygood. Sowe may tentatively conclude
thatfor this meta-datasethereseemdo be no singlefea-
turewhich canpredictthesignificantdifferencesasgoodas
a combinationof all features.Figurel shavs a projection
of our meta-datasento two dimensions.The single x in
theo territory correspond$o dataset/ote

4.2 Stackingvs. Grading

For Stacking vs. Grading, thereareagaintwelve datasets
onwhichthereareno significantdifferencesAfter remov-
ing themfrom our meta-datasetye have fourteeninstances
whoseclasseareagainequallydistributed. Thusthebase-
line accuray is also50%. Here,J48 is the bestchoicewith
92.86%accurag and only a single error on the smallest
datasetlabor. Thetrainingsetmodelis basedn a single
attribute, propNomaAttr In all fourteenfolds but two there
is the samemodel, which alsoappearsasthe training set
model.

propNomAttr <= 0.684211
otherwise

class =1
class = 0

In the two other folds, the sameattribute appearsn the
sameformula with 0.65 and 0.695652resp. asvalueon
theright side. It seemshatthe proportionof nominalat-
tributesplaysarole on the performancéetweerstacking
andGrading: in casahereareIessthanabout% of nominal



attributes Stacking workssignificantlybetterthanGrading.

4.3 Stackingvs. XVal

For Stacking vs. X-Val, serenteenexamplesoffer no sig-
nificant differences. Only nine examplesremainfor our
experimentsthebaselineaccurag is already66.7%.Inter
estinglyin this casethe bestmodelis from DecisionStump
whichlearnsa singleJ48 node,obtaining88.9%accuray,
correspondingo a singleerroron datasebalance-scalelt
seemsl48 is proneto overfitting on this meta-dataseilThe
training setmodelis basedon meanAbsSke The mod-
elsfrom the nine folds aremorediverse:seven times,the
following modelappears:

meanAbsSkew <= 0.31 class = 0
meanAbsSkew > 0.31 class =1
meanAbsSkew missing class = 0

Oncethe samemodel appearswith value 0.53 insteadof

0.31. Oncea model basedon numClasses <= 13 :

class = 1 appearsThesameoverall accurag is alsoob-
tainedin a six-fold cross-alidation. Still, this is probably
thoseof our modelswhichis leasttrustworthy

5. RelatedReseach

Up to now thereis no researchaimingto eitherpredictthe
accurag of meta-classificatioachemesr to predictwhich
meta-classificatioschemeo usefor a given dataset. In
this paperwe have investigatedothtasksandfoundthem
to work quite well. OtherResearchs usually concerned
with simple, at mostboostedor bagged,classifiers. We
give somerepresentatie examples.

Usingregressiorto predictthe performancef basiclearn-
ing algorithmswasfirst investigatedn (Gama& Brazdil,
1995), continuing the framavork of StatLOG(Brazdil,
Gama& Henery 1994). They reportpoor resultsin terms
of normalizedmeansquarecerror.

(Bensusan& Kalousis, 2001) have recently investigated
meta-learningn a similar setting,usingfeaturesextended
from STATLOG, histogramsof numeric attributes and
landmarkingusing seven learners four of which are also
usedby us asbaseclassifiers. They found that meanab-
soluteerrorsare usually significantlylower thana default
stratgy of predictingtestdataseerrorasthemeanerrorof
training datasetrror. However, a rankingbasedon these
modelsperformsonly oncesignificantlybetterthanthede-

fault rankingbasedon averageaccurag over all datasets.

Only meanabsoluteerrorsaregivenfor theregressionex-
periments. Someregressionrulesfrom Cubistare shovn
andinterpreted.

(Brazdil, Gamaé& Henery 1994) have investigatedmeta-
level learning to predict the best classifierfor a given
dataset.They usean ad-hocspecifiedconfidencenterval
aroundthe bestaccurag to defineapplicable* and in-

Ywithin confidencénterval = applicable

applicableclassifiersfor eachdataset.Our approachuses
the statisticalt-Testwhich seemso be more appropriate.
While their approachhasto integratepossiblyconflicting
rulesconcerningapplicability, makingthe evaluationquite
comple, our approachcan predictsignificantdifferences
directly. Furthermore the focus on using only decision
treesandderivedrulesmay have leadto suboptimakesults
aswe hadto useavarietyof machindearningtechniqueso
getoptimalresults.They alsoconsidereanly one-against-
all comparisonbetweercandidatelassifiersnsteadf the
pairwisecomparisonest-against-otherge investigated.
(Pfahringer Bensusan& Giraud-Carrier 2000) investi-
gatedmeta-learningisinglandmarkerswhich arefastand
simplelearningalgorithmsusedto characterizéhedataset.
Thefeatureavhich we derivedfrom baseclassifiercanbe
consideredsimilar. They reportimproved resultsby land-
marking which we alsoobsered for predictingthe accu-
rag/ of stackedclassifiers. However, for predicting sig-
nificantdifferencesve found dataset-relatefeatureso be
moreappropriate They reportwork onremaving tiesfrom
the meta-datasetndshaw thatin somecaseshis canhurt
meta-learningerformance.

6. Conclusion

In this paperwe have investigatedthe use of machine
learningtechniquedn the contet of meta-learningooth
to predictstackedtlassifieraccurag andsignificantdiffer-
encedetweerstacking andthreeothermeta-classification
schemes. We believe these tasks to be complemen-
tary, since predictingthe accurag of meta-classification
schemesnay potentiallyalsobe usedto determinesignifi-
cantdifferences.
Weusedbothdataset-relateandbase-classifieelatedea-
turesin our tasks. In the context of predictingclassifier
accurayg, we found that classifierrelatedfeaturesmostly
thosederived from accurag, arebettersuitedto this task,
as have others(Bensusar& Kalousis, 2001; Pfahringer
Bensusar& Giraud-Carrier2000). A singlefeature,the
accurag of thebestcomponentlassifierin the ensemble,
is ableto predicttheaccurayg of thestackedlassifierquite
well. Detailscanbefoundin Section3.2.

However, we have found that for determining signifi-
cantdifferencedetweerschemedeatureseriveddirectly
from the datasetmay be bettersuited— in two of our three
meta-learningroblemsconcernedvith predictingsignifi-
cantdifferencesa modelbasedon a single dataset-related
featurewas superior In the third casean instance-based
learnerusingall featureswasbest,but usingjust dataset-
relatedfeaturedeadto only oneadditionalerror, the same
learnerremainedthe bestone. Additionally, our meta-
learning experimentswere constructedo predict signifi-
cantdifference®nly wherethey appearWhiletheremoval
of tiesfrom the meta-datasewaspreviously mentionedn
work by (Brazdil, Gama& Henery 1994),usinga lessad-



hocandmoreappropriatestatisticatestto determinghose
tiesseemso have beenoverlookedpreviously. Detailscan
befoundin Sectior4.

At last we have found that thereis no single bestmeta-
classifieffor predictingsignificantdifferences- avarietyof
machinelearningalgorithmshadto be evaluatedfor opti-
malresults.Thishintsthatpairwiselearningproblemshave
differentpropertieswhich mayexplain why meta-learning
is usually so hard. In contrast,meta-learningfor meta-
classificatiorschemeseemdo beamucheasieproblem.
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