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Abstract
In this paperwe describenew experimentswith
theensemblelearningmethodStacking. Thecen-
tral questionin theseexperimentswas whether
meta-learningmethodscanbeusedto accurately
predictvariousaspectsof Stacking’s behaviour.
Theresultingcontributionsof thispaperaretwo-
fold: When learningto predict the accuracy of
stackedclassifiers,we foundthatthesinglemost
importantfeatureis theaccuracy of thebestbase
classifier. A simple linear model involving just
this feature turns out to be surprisingly accu-
rate. The associatedregressionline hasa gra-
dient larger than one, hinting that, in the limit,
Stacking is indeedbetterthanthe bestincluded
baseclassifier. Whenlearningto predictsignifi-
cantdifferencesbetweenStacking andthreeother
ensemblelearningmethods,wehave foundsim-
plemodels,all but oneof whicharebasedonsin-
gle featureswhich can be efficiently computed
directly from the dataset.Thesemodelscanbe
usedto decidein advancewhichensemblelearn-
ing methodto useon a givendataset,sincenei-
therof themis alwaysthebestchoice.

1. Intr oduction
Meta-learning1 focusseson predictingthe right algorithm
for a particular problem basedon characteristicsof the
dataset(Brazdil, Gama & Henery, 1994) or basedon
the performanceof other, simpler learning algorithms
(Pfahringer, Bensusan& Giraud-Carrier, 2000). Herewe
are concernedwith meta-learningof ensemblelearning
schemesor meta-classificationschemes. Stacking canbe
consideredthe best-known such schemeand was intro-
ducedin (Wolpert, 1992). We takea more generalview
of meta-learninganduseit to predicttwo aspectsof Stack-
ing’sbehaviour.
First, we investigatedpredictingthe accuracy of stacked
classifiers,to seewhich factors contribute to its perfor-
mance.For this,weconsidereda varietyof features,com-

1The term Meta-Learningis alsousedelsewhereto refer to
ensemblelearningschemes– so in a way we achieve to relate
bothaspectsof this termin ourpaper.

putedeitherdirectlyfrom thedatasetor from theclassifiers
which werepartof theensemble.Consideringtheunsatis-
factorystateof this field (Pfahringer, Bensusan& Giraud-
Carrier, 2000;Bensusan& Kalousis,2001),we weresur-
prisedto find thata singlefeatureis ableto predicttheac-
curacy surprisinglywell.
Afterwardsweaimedto decidevia meta-learningtheques-
tion which meta-classificationschemeto apply to the
datasetat hand.Trying to predictthebestschememayfail
becausethis doesnot takeinto accountthatmorethanone
bestschememayexist – evenall consideredclassifiersmay
be statistically indistinguishableon somedatasets! Our
approachtakesthis into accountby constructingbinary
problemsconcernedwith finding which oneof two meta-
classificationschemesis significantlybetterthantheother
while excludingthoseexampleswherebotharestatistically
indistinguishable– sincein thatcase,bothanswerscanbe
consideredcorrect2. Sincewe focusonStacking in thispa-
per, we do not considerall possiblepairsof two schemes
but only thosethreeinvolving Stacking.

1.1 Intr oducing Meta-ClassificationSchemes
When facedwith the decision“Which algorithm will be
mostaccurateonmy classificationproblem?”,thepredom-
inantapproachis to estimatetheaccuracy of thecandidate
algorithmson theproblemandselecttheonethatappears
to be mostaccurate.Schaffer (Schaffer, 1993)hasinves-
tigatedthis approachin a small studywith threelearning
algorithmson five UCI datasets.His conclusionsarethat
on the onehandthis procedureis on averagebetterthan
workingwith a singlelearningalgorithm,but, on theother
hand,thecross-validationprocedureoftenpicksthewrong
basealgorithmonindividualproblems.Thisproblemis ex-
pectedto becomemoreseverewith an increasingnumber
of classifiers.
As a cross-validationbasicallycomputesa predictionfor
eachexamplein the trainingset, it wassoonrealizedthat
this informationcouldbeusedin moreelaboratewaysthan
simply countingthe numberof correctandincorrectpre-
dictions. Thebest-known suchmeta-classificationscheme

2Earlier experimentsusing an additionalclassfor this case
were unsuccessful – this may be explainedby too much class
overlap,seeFigure1.



Table� 1. Theuseddatasetswith numberof classesandexamples,
discreteandcontinuousattributes,baselineaccuracy (%) anden-
tropy in bits perexample(Kononenko& Bratko,1991).

Dataset cl Inst disc cont bL E
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

is the family of stacking algorithms(Wolpert,1992). The
ideabehindstackingis to usethepredictionsof theoriginal
classifiersasattributesin a new trainingsetthatkeepsthe
originalclasslabels.Essentially, Stacking combinesoutput
from a setof baseclassifiersvia onemetaclassifier.
A straightforwardextensionof thisapproachis usingclass
probabilitydistributionsof baseclassifiers3 which convey
not only predictioninformation,but alsoconfidencefor all
classes.This was found to be superiorin (Ting & Wit-
ten,1999)whenusedwith multi-responselinear regression
(MLR) asmetaclassifier. We usedthis extensionin ourex-
periments.
We will now describeour experimentalsetupandour two
setsof featuresdescribingdatasetcharacteristicsandbase
classifieraccuracy & diversity. Thenwe will give results
for predictingtheaccuracy of stackedclassifiers,followed
by meta-learningof significantdifferences.Afterwardswe
giveashortoverview onrelatedmeta-learningresearchand
concludethis paper.

2. Experimental setup
In our experiments,we usedtwenty-sixdatasetsfrom the
UCI machinelearningrepository(Blake & Merz, 1998).

3Every predictionis replacedby a vectorof probabilities,one
for eachclass.

Detailscanbefoundin Table1. We usedStackingwith all
of thefollowing sevenbaseclassifiersfor ourexperiments,
whichwerechosenin anattemptto maximizediversity. All
algorithmsweretakenfrom the WaikatoEnvironmentfor
KnowledgeAnalysis(WEKA4), Version3-1-8.

� DecisionTable: a decisiontablelearner.

� IBk: theIBk instance-basedlearnerusingK=1 nearest
neighbors.K=1 waschosento offsettheK* algorithm
with a maximallylocal learner.

� J48: aJava portof C4.5Release8 (Quinlan,1993)

� KernelDensity: a simplekerneldensityclassifier.

� KStar: theK* instance-basedlearner(Cleary& Trigg,
1995), using all nearestneighborsand an entropy-
baseddistancefunction.

� MLR: a multi-classlearnerbasedon linearregression,
whichtriestoseparateeachclassfromall otherclasses
by linear discrimination(Multi-responseLinear Re-
gression)

� NaiveBayes: theNaiveBayesclassifierusingmultiple
kerneldensityestimationfor numericattributes.

We usedthefollowing four meta-classificationschemes.

� Stacking is the stackingalgorithmasimplementedin
WEKA, whichfollows(Ting & Witten,1999).It con-
structsthemetadatasetby addingtheentirepredicted
classprobabilitydistribution insteadof only themost
likely class.We usedMLR asthelevel 1 learner.5

� X-Val choosesthebestbaseclassifieron eachfold by
an internal ten-fold CV. This is just the selectionby
cross-validationwementionedin thebeginning.

� Voting is a straight-forwardadaptationof voting for
distribution classifiers. Insteadof giving its entire
vote to the classit considersto be most likely, each
classifieris allowed to split its vote accordingto the
baseclassifier’s 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 expensive internal
cross-validation.

� Grading is animplementationof thegradingalgorithm
evaluatedin (Seewald& Fürnkranz,2001)whichuses
IBk (

�������
) asmeta-classifier. Basically, Grading

trainsa metaclassifierfor eachbaseclassifierwhich
4The Java sourcecodeof WEKA hasbeenmadeavailableat	
	
	���

����	����������������

����� .
5Relatively global and smoothlevel-1 (=meta)generalizers

shouldperformwell (Wolpert,1992;Ting & Witten,1999).



tries to predictwhenits baseclassifierfails. This de-
cisionis basedon thedataset’s attributes.A weighted
votingof thebaseclassifiers’predictiongivesthefinal
classprediction.Thevoting weight is theconfidence
for a correctpredictionof a baseclassifier, which is
estimatedby its associatedmetaclassifier.

We usedseventeendataset-relatedfeatureswhichuniquely
characterizethe dataset.Thesewereinspiredby the Stat-
LOG project (Brazdil, Gama& Henery, 1994)and reim-
plementedin WEKA.

� Inst, thenumberof examples.

� log(Inst)which is thenaturallogarithmof Inst.

� Classes, thenumberof classes.

� Attrs, thenumberof attributes(excludingtheclass)

� PropNomAttrs, numberof nominalattributesasapro-
portionof NumAttrs.

� PropContAttrs, numberof numericattributesasapro-
portionof NumAttrs.

� PropBinAttrs, numberof binary-valuednominal at-
tributesasa proportionof NumAttrs.

� ClassEntropy, theentropyof theclassattribute.

� AttrEntropy, theentropyof all attributes.

� MutualEntropy, the mutual entropyof classand at-
tributes.

� EquivAttrs, the equivalent number of attributes,!�"$#&%'%�(�)+*-,/.�021354
*-4�#6"7(�)+*-,/.�021
� RelEquivAttrs,

(�8'4
9;:�<�*-*-,/%<�*-*�,/%
� S/N, thesignal-to-noiseratio.

� MeanAbsCorr, themeanabsolutepairwisecorrelation
betweenall differentpairsof numericattributes.

� MeanAbsSkew, themeanabsoluteskew of all numeric
attributes.

� MeanAbsKurtosis, the meanabsolutekurtosisof all
numericattributes.

� defAcc, thedefaultaccuracy, i.e. theproportionof the
mostcommonclass.

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

usedthesamestatisticalfeaturesover pairwisebaseclassi-
fier = -statistics6, a measureof diversitydueto (Dietterich,
2000)

� Seven accuracy values,one for eachbaseclassifier
(DT, IBk-K1,J48,KD, KStar, MLR,NB-K)

� Eight statistical featuresdescribing the set of ac-
curacy values (MinAcc, MaxAcc, MeanAcc,StDe-
vAcc,SkewAcc,SkewAcc> , KurtosisAcc,relRangeAcc
=
3?#6@2<�A�A6BC359D)�<�A�AE�*�FHG�:&<�A�A )

� Eight statistical featuresdescribing the set of all
pairwise = -statisticsbetweenbaseclassifiers(MinK,
MaxK, MeanK,StDevK, SkewK, SkewK> , KurtosisK,
relRangeK)

� relMeanAcc=
<�:&I6<�A�AJ6G�K2<�A�A , theratioof averageaccuracy to

defaultaccuracy.

The above featureswerecomputedboth on the full data
setandalsoon predictionsestimatedvia tenfoldcrossval-
idation. For meta-learningof significantdifferences,we
only usedthelattersetbecauseit consistentlyofferedbet-
terestimatesduringthefirst task.All statisticaldifferences
for meta-learningwerecomputedvia at-Testwith L =99%,
basedon the accuraciesgeneratedby ten-timesten-fold
crossvalidation.

3. Estimating Stacking’sAccuracy
This sectionis concernedwith predictingthe accuracy of
stackedclassifiers.Sinceweprefersimplemodelsby Ock-
ham’sRazor, wefirst investigatedthesimplestmodelspos-
sible: basedon only a singlefeature. Thus,we assumed
linearrelationshipsbetweeneachfeatureandtheaccuracy
of our stackedclassifierandcharacterizedthis relationby
statisticalcorrelationcoefficientsandmeanabsoluteerrors
(MAE). Afterwards,weconsideredmorecomplex andnon-
linear modelsobtainedby various regressionalgorithms
from machinelearning.

3.1 Linear Modelsbasedon SingleFeatures
As a first step,we calculatedstatisticalcorrelationcoef-
ficients andmeanabsoluteerrors(MAE) for all our fea-
tures,alwaysversustheaccuracy of thestackedclassifiers.
The dataset-relatedfeaturescanbe found in Table2, and
thebase-classifier-relatedfeaturesin Table3. Correlations
andMAEs weredeterminedfor all meta-data(All ) andalso
via leave-one-outcrossvalidation(CV). In theformer, this
estimatewasbasedon the outputof onelinear regression
modelcomputedfromall meta-examples7 In thelattercase,

6A valueof 1.0 standsfor identicalpredictionsbetweentwo
learnerswhile a valueof 0.0 representsrandomcorrelations.A
negative valuesignifiessystematicdisagreementbetweenclassi-
fiers.

7Eachmeta-exampleconsistof featurescomputedfrom one
original dataset,eitherdirectly or indirectly, followedby theac-



Table� 2. This tableshows thecorrelationsandmeanabsoluteer-
rors (MAE) for dataset-relatedfeaturesvs. the accuracy. The
first columnshows the correlationfor the full meta-dataset(26
examples),thesecondcolumnshowsthecorrelationestimatedby
leave-one-outcrossvalidation.Bestfeaturesareshown in bold.

Dataset All CV
Features Corr MAE Corr MAEM
NPO�Q

0.26 0.084 0.03 0.090RDS�TUM
NPO�Q
0.11 0.087 -0.40 0.095VWRDX�O&O6Y2O
0.37 0.089 -0.09 0.100Z[Q�Q�\&O
0.07 0.087 -0.58 0.094][\6S'^P_`SbacZdQ�Q�\
0.29 0.087 -0.04 0.095][\6S'^PVWSbNPQ�Z[Q�Q�\
0.29 0.087 -0.04 0.095][\6S'^Pegf-N�Z[Q�Q�\
0.20 0.088 -0.30 0.098VWRDX�O&O&h[NiQ�\6S'^Pj
0.16 0.089 -0.54 0.100Z[Q�Q�\&h[NPQ�\6S'^kj
0.26 0.085 -0.05 0.094lnm�Q�m+X
R-h[NPQ�\oSp^Pj
0.49 0.072 0.42 0.077hWq�m�f-r2Z[Q�Q�\&O
0.58 0.068 0.40 0.079stY&R-hWq�m�f-r2Z[Q�Q�\&O
0.43 0.075 0.26 0.082uPv6_
0.23 0.083 0.00 0.088lwY&X�N�ZWx/O&VWS
\&\
0.08 0.087 -0.47 0.093lwY&X�N�ZWx/O&u�y+Y�z
0.06 0.087 -0.45 0.093lwY&X�N�ZWx/O&{|m�\�Q-S
O&f-O
0.06 0.088 -0.37 0.095}
Y�~kZH�6�
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 remainingmeta-example.
Thelattercaseis amorereliableindicatorof modelperfor-
manceon unseendata,however for meaningfulinterpreta-
tion thepossiblydiversemodelshave first to beintegrated
into a coherentwhole.
As canbeexpectedfrom ahigh-biaslinearmodel,all base-
classifierrelatedfeaturesshow agracefuldegradationfrom
All to CV. We weresurprisedto note that this is not al-
waystruefor thedataset-relatedfeatures- abouthalf of the
featureshave anegativecorrelationfor CV whoseabsolute
valueis higherthanthe positive correlationfor All . This
highernegativecorrelationcanunfortunatelynotbeusedto
predictstackedaccuracy8 andis alwayscoupledto a large
MAE. It seemsthata lot of thedataset-relatedfeaturesare
not relevant to this task or that a one-dimensionallinear
modelis not appropriateto find a meaningfulrelation. In
any caseif we disregardnegative correlations,thehighest
correlationis alwayscoupledwith the lowestMAE aswe
wouldexpectit to be.
In the caseof base-classifierrelatedfeatures,we have an
additionaldimension:we canestimatethe baseclassifier
accuracieson the full dataset(AllT , CV T) or via tenfold

curacy of thestackedclassifier.
8Themaximumnegativecorrelationappearsin featuredefAcc

(-0.94;CV) Thiscorrelationisbasedontwenty-sixdifferentmod-
els,oneperleave-one-outtrainingfold. All datawouldhaveto be
usedto determinethefinal regressionline,but thenthis resultcan
no longerbe validatedandseemscertainlytoo optimistic. This
canalsobeseenby thequitehighMAE.

crossvalidation (All, CV). SinceStacking usesCV inter-
nally, we expect All and CV to be betterpredictorsfor
stackedaccuracy. This is indeedthecase– asinglefeature,
MaxAcc, alreadyyieldsexcellentresults.Eventhoughthe
internalCV of Stacking is basedon lessdatathantheCV
usedto obtainMaxAcc, it is still quite competitive to the
bestclassifierby hindsight!
However, computing a crossvalidation on the original
datasetcomeswith a non-negligible computationalcost.
On theotherhand,to computethefeaturesfor All andCV
we generatedatawhich couldbeusedasmeta-datasetfor
Stacking sonothingis lost. Whatweget in this caseis that
we do not have to computethe outercross-validationand
we do not needto run the metaclassifierten timesto ob-
tainareasonableestimateof stackedclassifieraccuracy. So
this is still abouttenfoldmoreefficient thatrunningStack-
ing directly. An additionalcomputationalcost reduction
by thesamefactorcouldbeobtainedby usingtrainingset
accuracy – whichmotivatestheAllT andCV T set.As ex-
pected,in this casewe get lessgoodresultsfor bestsingle
feature,MeanAcc.

3.2 Combinedfeatures
In orderto testhow we may improve our resultsby using
multiple features,we resortedto usingstandardmachine-
learning approachesfor regressionon our meta-dataset.
We createdonemeta-datasetwith accuracy estimationvia
trainingset(MetaTrain) andoneestimatedvia tenfoldCV
(MetaCV). The dataset-relatedfeatureswere included in
bothcases.
Weinitially decidedto evaluatelinearregression,LWR (lo-
cally weightedregression), modeltrees9, regressiontrees,
KStar andIBk instancebasedlearnersat themeta-level, but
linearregressionandmodeltreesprovedsuperior10, sowe
only usedthesetwo learnersfor furtherexperiments.
So far, the bestsinglefeatureswereMaxAccfor MetaCV
(Train: c=0.96, MAE=0.021; CV: c=0.96, MAE=0.022)
andMeanAccfor MetaTrain (Train: c=0.84,MAE=0.045;
CV: c=0.81,MAE=0.049).Wewill now turntowardsmod-
elsfrom multiplefeaturesto seeif wecanimproveonthese
simplemodels.
For MetaCV, the bestmodelwasa model tree. Both the
training setmodelandall but onecrossvalidatedmodel11

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
leave-one-outCV is very slightly worse with c=0.95,
MAE=0.023.In thiscase,combinedfeaturesarenotableto
yield betterperformancethanthebestsinglefeature.The
bestmodelfor theaccuracy of thestackedclassifieris thus:

9M5Primefrom WEKA, see(Wang& Witten,1997)
10Both werealwaystop two by highestcorrelationandlowest

MAE with therestof thefield – usuallyfar – behind.
11generatedvia leave-one-outCV on themeta-data



Table� 3. This tableshows the correlationand meanabsoluteerrors(MAE) on base-classifierrelatedfeaturesvs. the accuracy. For
the first two columns,all featuresarebasedon training setperformanceof the baseclassifiers.For the last two columns,a ten-fold
crossvalidationwasusedto determinebetterbut morecostlyestimatesof baseclassifierperformance.Thefirst andthird columnshow
thecorrelationsandMAE onthefull meta-dataset,thesecondandfourthcolumnshow correlationsandMAE estimatedvia leave-one-out
crossvalidation.

Classifier AllT CV T All CV
Features Corr MAE Corr MAE Corr MAE Corr MAE���

0.77 0.055 0.67 0.062 0.83 0.046 0.79 0.051M
e�yg��{��
0.72 0.072 0.69 0.076 0.95 0.030 0.94 0.032�P�2�
0.79 0.055 0.73 0.061 0.84 0.042 0.81 0.046{|�
0.69 0.076 0.53 0.086 0.95 0.029 0.94 0.031{|u�Q-X�\
0.59 0.084 -0.21 0.102 0.93 0.037 0.92 0.040ln��s
0.50 0.072 0.07 0.084 0.32 0.083 -0.11 0.097_5ew��{
0.81 0.050 0.73 0.056 0.77 0.052 0.68 0.059lnf-N�ZW�6�
0.58 0.069 0.27 0.080 0.40 0.078 0.00 0.091lwX
��ZH�6�
0.71 0.072 0.68 0.088 0.96 0.021 0.96 0.022lwY&X�N�ZW�6�
0.84 0.045 0.81 0.049 0.92 0.033 0.91 0.036u�Q���Y�r2ZW�6�
0.58 0.065 0.36 0.074 0.26 0.083 0.05 0.088u�y+Y�ztZH�6�
0.46 0.073 0.31 0.079 0.32 0.083 0.02 0.091u�y+Y�ztZH�6�6�
0.35 0.081 0.16 0.087 0.20 0.083 -0.10 0.089{|m�\&Q-ZW�6�
0.39 0.077 0.22 0.083 0.29 0.083 0.12 0.088\oY&R-s�X�N+T
Y&ZW�6�
0.40 0.075 0.26 0.080 0.20 0.090 -0.20 0.097lnf-NP{
0.56 0.065 0.46 0.069 0.40 0.075 0.23 0.081lwX
�P{
0.00 0.087 -0.19 0.096 0.18 0.085 -0.14 0.091lwY&X�NP{
0.70 0.059 0.61 0.064 0.64 0.060 0.57 0.065u�Q���Y�r
{
0.48 0.063 0.36 0.068 0.15 0.086 -0.20 0.100u�y+Y�zW{
0.58 0.071 0.43 0.078 0.66 0.064 0.58 0.070u�y+Y�zW{5�
0.61 0.082 0.32 0.094 0.57 0.075 0.42 0.083{|m�\&Q�{
0.52 0.088 0.09 0.100 0.59 0.070 0.47 0.077\oY&R-s�X�N+T
Y�{
0.08 0.090 -0.81 0.099 0.35 0.076 0.21 0.081\oY&R-l�Y&X�N�ZW�6�
0.28 0.082 0.08 0.087 0.38 0.078 0.27 0.082

���p����� ���+� �+�
���H����  ���&�¢¡ �P�7�+£�¤

For MetaTrain, the best model was generatedby linear
regression. While the performanceon the training set
is better(c=0.96,MAE=0.023), the leave-one-outCV is
worsein bothmeasuresthanthebestsinglefeature(c=0.74,
MAE=0.057). This is most probablydue to overfitting.
Thuswehave alsofoundnobettermodelthanthebestsin-
gle feature.
However, from preliminary experimentsusing a smaller
featuresetwehadalreadyseenbetterresultsfor MetaTrain.
Thereforewe have decidedto run a wrapperfeaturesub-
setselectionfor bothlinearregressionandmodeltreesand
alsofor MetaCVandMetaTrain separately– four wrapper
subsetselectionsin all.
For featuresubsetselectionfrom MetaCV, thelinearmodel
wasbest,but modeltreeswereonly slightly behind.While
the training set performanceis clearly better (c=0.98,
MAE=0.016),theleave-one-outCV showsonly asmallre-
ductionin MAE from 0.022to 0.021;thecorrelationstays
the same. This small reductionis MAE is probablynot
significant,sowe still concludethat for MetaCV, we have
foundno modelwhich is significantlybetterthanthebest

singlefeature,MaxAcc.
For featuresubsetselectionfrom MetaTrain, the linear
modelwasalsobest,this time by a larger margin. Both
the training setperformance(c=0.97,MAE = 0.019)and
the leave-one-outCV performance(c=0.94, MAE=0.03)
are clearly better than the bestsingle feature,MeanAcc.
Giventhat,asexpected,thecorrelationis lower andMAE
higherfor leave-one-outCV – an indicationagainstover-
fitting – we will now analyzeboth the modelon all data
andtwenty-sixcrossvalidationmodelsfurther to seeif we
areableto integratetheminto a single,coherentmodelof
stackedclassifieraccuracy.
In eachleave-one-outfold, the linear modelusedall nine
selectedfeatures. So we determinedmeanand standard
deviationof themultiplicativeweightsof all featureswhich
canbefoundin Table4. As canbeseen,theweightsof the
modelfrom all data(Weight by train ) areall easilywithin
the confidenceintervals of the averageweightsfrom the
twenty-sixcrossvalidatedmodels– anotherindicationthat
themodelis reasonable.
As expected,thebestsinglefeatureMeanAcchasthehigh-
estweight. MLR andDT, two baseclassifierfeatures,also
obtain high negative weights. The default accuracy de-
fAccseemsto belessrelevant. Generally, featuresderived



Table� 4. Thistableshowsthefeatureweightsof thebestmodelon
MetaTrain, bothof thetrainingsetmodelandtheaverageweights
of thetwenty-sixcross-validatedmodels.Constspecifiesthecon-
stanttermof thelinearmodel.

Feature Weight Weight
by CV by trainlwY&X�N�ZW�/� ¥�¦ §��
¨�©Hª�©+¦$�&«�¬�¬ ¥�¦ §b«�©�©ln��s ��©�¦ §��&­2­�ª�©+¦ ©
¨�©�¥ ��©�¦ §�©2��©��� ��©�¦ ¬�§
¨2¨�ª�©+¦ ©2¬2�b¨ ��©�¦ ¬�§2��©}
Y�~kZH�6� ©�¦®���6�2¬Hª�©+¦ ©+�2�/� ©�¦®���6��©\6Y�R¯stX�N+T
Y&ZW�/� ©�¦ ©��2©2�Hª�©+¦ ©2©2¬b« ©�¦ ©b«�§�¬][\6S'^P_`SbacZdQ�Q�\ ©�¦ ©��
«2­�ª�©+¦ ©2©
¨&© ©�¦ ©��
«&¥\6Y�R¯stX�N+T
Y�{ ©�¦ ©�©2¥2§Hª�©+¦ ©2©
¨&� ©�¦ ©�©2�b­hWq�m�f-r2Z[Q�Q�\&O ��©�¦ ©�©
­2«�ª�©+¦ ©2©2©b­ ��©�¦ ©�©
­�«M
NPO�Q ©�¦ ©�©2©+�°ª�©+¦ ©2©2©�© ©�¦ ©�©2©��

VWS
NPO&Q �[��¦7«&¥+�&­�ª�©+¦ ©
«2­&� �[��¦7«&¥2©�©

from classifiersseemto bemorerelevant in thecontext of
predictingaccuracy than thosederived directly from the
datasets,which wasalsofound in (Bensusan& Kalousis,
2001). Spacerestrictionsprevent us from showing there-
gressionformula, but it canbe easilyconstructedvia Ta-
ble4.

4. Meta-Learning of Significant Differ ences
Thissectionis concernedwith predictingsignificantdiffer-
encesbetweenStacking andthreeothermeta-classification
schemes.For eachof Stacking vs. Voting, Stacking vs.
Grading and Stacking vs. X-Val, we generateda sepa-
rate meta-datasetconsistingof all dataset-dependentand
classifier-dependentfeatures12 followedby a binary class
variable,being1 if Stacking is significantlybetterthanthe
otherschemeand0 otherwise. In casethereis no signif-
icantdifference,we removed therespective examplefrom
themeta-dataset,underthepremisethatin thiscasewecan
considerboth variantsto beequivalentandthusjudgeei-
theranswerto becorrect.
On thesemeta-datasets,we evaluateda numberof stan-
dardmachinelearningalgorithmsavailablein WEKA13 via
leave-one-outcrossvalidation. We only discussthe best
modelswhich in mostcasesseemto be rathersimpleand
basedon singleattributesonly, hinting that they may be
robust.

4.1 Stackingvs. Voting
For Stacking vs. Voting, thereare twelve datasetswith-
out significant differences. After removing them from
our meta-dataset,we have fourteeninstances,seven with
class=1,sevenwith class=0.Thebaselineaccuracy is thus
50%. Here,IBk is the bestmeta-learnerwith anaccuracy

12Becauseof themuchbetterresultsin predictingstackedclas-
sifier accuracy, we only consideredthoseclassifierfeaturesesti-
matedvia cross-validation.

13All baselearnersplus1R andDecisionStump
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Figure1. This shows a projectionof the Stacking vs. Voting meta-
datasetonto two dimensions,via principal componentsanalysis
(53.1%of varianceexplained). ± standsfor class=1(whereStack-

ing is better)and ² for class=0.Thosedatasetswhichwerenopart
of the meta-dataset(no significantdifferencesbetweenStacking

andVoting) arealsoshown,as ³ .

of 92.86%anda singleerror for vote. A cross-validation
usingonly sevenfoldsshowstheexactsameresult.
Whenremoving thebase-classifierdependentfeatures,IBk
is still thebestclassifierwith anadditionalerroron labor,
thesmallestdataset.In thiscaseMLR whichis alsoaglobal
learneris equallygood. So we may tentatively conclude
that for this meta-dataset,thereseemsto beno singlefea-
turewhichcanpredictthesignificantdifferencesasgoodas
a combinationof all features.Figure1 shows a projection
of our meta-datasetinto two dimensions.The single ´ in
the µ territorycorrespondsto datasetvote.

4.2 Stackingvs. Grading
For Stacking vs. Grading, thereareagaintwelve datasets
onwhichtherearenosignificantdifferences.After remov-
ing themfromourmeta-dataset,wehavefourteeninstances
whoseclassesareagainequallydistributed.Thusthebase-
line accuracy is also50%.Here,J48 is thebestchoicewith
92.86%accuracy andonly a singleerror on the smallest
dataset,labor. The trainingsetmodelis basedon a single
attribute,propNomAttr. In all fourteenfolds but two there
is the samemodel,which alsoappearsas the training set
model.
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In the two other folds, the sameattribute appearsin the
sameformula with 0.65 and0.695652resp. as valueon
the right side. It seemsthat the proportionof nominalat-
tributesplaysa role on theperformancebetweenStacking
andGrading: in casetherearelessthanabout ÑÒ of nominal



attributes,Stacking workssignificantlybetterthanGrading.

4.3 Stackingvs. XVal
For Stacking vs. X-Val, seventeenexamplesoffer no sig-
nificant differences. Only nine examplesremainfor our
experiments,thebaselineaccuracy is already66.7%.Inter-
estinglyin this casethebestmodelis from DecisionStump
which learnsa singleJ48 node,obtaining88.9%accuracy,
correspondingto a singleerrorondatasetbalance-scale. It
seemsJ48 is proneto overfitting on this meta-dataset.The
training set model is basedon meanAbsSkew. The mod-
els from the nine folds aremorediverse:seven times,the
following modelappears:

Ó?Ô ��Õ ��Ö&×2�¢Ø Ô�Ù Ú � �i� Ûi�ÝÜ �6Þ � ×2× �Ð�
Ó?Ô ��Õ ��Ö&×2�¢Ø Ô�Ù ß �i� Ûi�ÝÜ �6Þ � ×2× �Ï�
Ó?Ô ��Õ ��Ö&×2�¢Ø Ô�Ù Ó?à ×�× à Õiá Ü �6Þ � ×2× �Ð�

Oncethe samemodelappearswith value0.53 insteadof
0.31. Oncea model basedon

Õ�â Ó?ã Þ � ×2× Ô × Ú �ä�2ÛåÜ
�oÞ � ×�× �æ�

appears.Thesameoverall accuracy is alsoob-
tainedin a six-fold cross-validation. Still, this is probably
thoseof ourmodelswhich is leasttrustworthy.

5. RelatedResearch
Up to now thereis no researchaimingto eitherpredictthe
accuracy of meta-classificationschemesor to predictwhich
meta-classificationschemeto usefor a given dataset. In
this paperwe have investigatedbothtasksandfoundthem
to work quite well. OtherResearchis usuallyconcerned
with simple, at most boostedor bagged,classifiers. We
givesomerepresentative examples.
Usingregressionto predicttheperformanceof basiclearn-
ing algorithmswasfirst investigatedin (Gama& Brazdil,
1995), continuing the framework of StatLOG(Brazdil,
Gama& Henery, 1994). They reportpoorresultsin terms
of normalizedmeansquarederror.
(Bensusan& Kalousis, 2001) have recently investigated
meta-learningin a similar setting,usingfeaturesextended
from STATLOG, histogramsof numeric attributes and
landmarkingusingseven learners,four of which arealso
usedby us asbaseclassifiers.They found that meanab-
soluteerrorsareusuallysignificantlylower thana default
strategy of predictingtestdataseterrorasthemeanerrorof
training dataseterror. However, a rankingbasedon these
modelsperformsonly oncesignificantlybetterthanthede-
fault rankingbasedon averageaccuracy over all datasets.
Only meanabsoluteerrorsaregivenfor theregressionex-
periments.Someregressionrulesfrom Cubistareshown
andinterpreted.
(Brazdil, Gama& Henery, 1994)have investigatedmeta-
level learning to predict the best classifier for a given
dataset.They usean ad-hocspecifiedconfidenceinterval
aroundthe bestaccuracy to defineapplicable14 and in-

14within confidenceinterval ç applicable

applicableclassifiersfor eachdataset.Our approachuses
the statisticalt-Testwhich seemsto be moreappropriate.
While their approachhasto integratepossiblyconflicting
rulesconcerningapplicability, makingtheevaluationquite
complex, our approachcanpredictsignificantdifferences
directly. Furthermore,the focus on using only decision
treesandderivedrulesmayhave leadto suboptimalresults
aswehadtouseavarietyof machinelearningtechniquesto
getoptimalresults.They alsoconsideredonly one-against-
all comparisonsbetweencandidateclassifiersinsteadof the
pairwisecomparisonsbest-against-otherswe investigated.
(Pfahringer, Bensusan& Giraud-Carrier, 2000) investi-
gatedmeta-learningusinglandmarkers,which arefastand
simplelearningalgorithmsusedto characterizethedataset.
Thefeatureswhichwederivedfrom baseclassifierscanbe
consideredsimilar. They reportimproved resultsby land-
markingwhich we alsoobserved for predictingthe accu-
racy of stackedclassifiers. However, for predictingsig-
nificantdifferenceswe founddataset-relatedfeaturesto be
moreappropriate.They reportwork on removing tiesfrom
themeta-datasetandshow thatin somecasesthis canhurt
meta-learningperformance.

6. Conclusion
In this paper we have investigatedthe use of machine
learningtechniquesin the context of meta-learningboth
to predictstackedclassifieraccuracy andsignificantdiffer-
encesbetweenStacking andthreeothermeta-classification
schemes. We believe these tasks to be complemen-
tary, sincepredicting the accuracy of meta-classification
schemesmaypotentiallyalsobeusedto determinesignifi-
cantdifferences.
Weusedbothdataset-relatedandbase-classifierrelatedfea-
turesin our tasks. In the context of predictingclassifier
accuracy, we found that classifier-relatedfeatures,mostly
thosederived from accuracy, arebettersuitedto this task,
as have others(Bensusan& Kalousis,2001; Pfahringer,
Bensusan& Giraud-Carrier, 2000). A single feature,the
accuracy of thebestcomponentclassifierin theensemble,
is ableto predicttheaccuracy of thestackedclassifierquite
well. Detailscanbefoundin Section3.2.
However, we have found that for determiningsignifi-
cantdifferencesbetweenschemes,featuresderiveddirectly
from thedatasetmaybebettersuited– in two of our three
meta-learningproblemsconcernedwith predictingsignifi-
cantdifferencesa modelbasedon a singledataset-related
featurewas superior. In the third casean instance-based
learnerusingall featureswasbest,but usingjust dataset-
relatedfeaturesleadto only oneadditionalerror, thesame
learnerremainedthe best one. Additionally, our meta-
learningexperimentswere constructedto predict signifi-
cantdifferencesonly wherethey appear. While theremoval
of ties from themeta-datasetwaspreviously mentionedin
work by (Brazdil,Gama& Henery, 1994),usinga lessad-



hocandmoreappropriatestatisticaltestto determinethose
tiesseemsto have beenoverlookedpreviously. Detailscan
befoundin Section4.
At last we have found that thereis no single bestmeta-
classifierfor predictingsignificantdifferences– avarietyof
machinelearningalgorithmshadto be evaluatedfor opti-
malresults.Thishintsthatpairwiselearningproblemshave
differentproperties,whichmayexplain why meta-learning
is usually so hard. In contrast,meta-learningfor meta-
classificationschemesseemsto bea mucheasierproblem.
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