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Abstract

We investigatefour previouslyunexploredaspectof en-
sembleselection,a procedue for building ensembleof
classi ers. First we testwhetheradjustingmodelpredic-
tionsto putthemon a canonicalscalemalestheensembles
more effective Secondwe explore the performanceof en-
sembleselectionwhendifferentamountsof data are avail-
ablefor ensemblédnillclimbing. Third, we quantifythe ben-
e t of ensembleselections ability to optimizeto arbitrary
metrics. Fourth, we studythe performancempactof prun-
ing the numberof modelsavailablefor ensembleselection.
Basedon our resultswe presentimprovedensembleselec-
tion methodghat doublethe bene t of the original method.

1 Intr oduction

An ensembles a collectionof classi erswhosepredic-
tionsarecombinedwith thegoalof achieving betterperfor
mancethanthe constituentclassi ers. A large body of re-
searcmow exists showving thatensembldearningoftenin-
creaseperformancéde.g.bagging[3], boosting[21], stack-
ing [25]).

Recently ensembleselection [7] was proposedas a
techniquefor building ensemble$rom large collectionsof
diverseclassi ers. Ensembleselectionemploys greedyfor-
ward selectionto selectmodelsto addto the ensemblea
methodcateyorizedin the literature as overproduce and
choos€g[20]. Comparedo previouswork, ensembleselec-
tion usesmany more classi ers, allows optimizing to ar
bitrary performancemetrics, and includesre nementsto
preventover tting to theensemblestrainingdata—aarger
problemwhenselectingfrom moreclassi ers.

In this paperwe analyzefour previously unexploredas-
pectsof ensembleselection. First, we evaluateensemble

Thistechnicalreportis anexpandedversionof apaperacceptedtthe
2006InternationalConferenceon DataMining.

selections performancevhenall the modelsarecalibrated
to placetheir predictionson a canonicalscale. Making

calibratedmodelsavailableto ensembleselectionprovides
signi cant improvementon probability measuresuch as
squarecerror and cross-entrop. It appearshowever, that
calibrationdoesnot make ensembleselectionitself more
effective; mostof the bene t resultsfrom improvementsn

the base-leel modelsandnot from betterensemblebuild-

ing.

Second,we explore how ensembleselectionbehaes
with varyingamountof training dataavailablefor thecrit-
ical forward selectionstep. Despiteprevious re nements
to avoid over tting the datausedfor ensemblehillclimb-
ing [7], our experimentsshav that ensembleselectionis
still proneto over tting when the hillclimb setis small.
This is especiallytrueif their modelbaggingprocedurds
not used. Surprisingly althoughensembleselectionover
ts with small data, reliably picking a single good model
is evenharder—makingensembleselectionmorevaluable.
With enoughhillclimbing data(around5k points),over t-
ting becomesngyligible. Motivated by theseresults,we
presenta methodfor embeddingross-alidationinsideen-
sembleselectionto maximizethe amountof hillclimbing
data! Cross-alidationboostshe performancef ensemble
selection,doublingits previously reportedbene t. While
addingcross-alidationto ensembleselectionis computa-
tionally expensve, it is valuablefor domainsthat require
the bestpossibleperformanceand for domainsin which
labeleddatais scarce.

Ensembleselection$ ability to optimizeto ary perfor
mancemetricis an attractve capability of the methodthat
is particularlyusefulin domainswhich usenon-traditional
performancemeasuressuch as natural languageprocess-
ing [14]. Becauseof this, the third aspectwe investigate
is what benet, if ary, comesfrom being able to opti-
mizeto ary metric. Our experimentgeinforcetheintuition
thatit is bestto optimizeto the tamget performancemetric;

1Thisis differentfrom wrappingcross-alidationaroundensemblese-
lection,which would notincreasehe dataavailablefor hillclimbing.



however, they alsoshov that minimizing squarecderror or
cross-entrop frequentlyyieldsensemblesvith competitve
performance—seeminghggardlesof the metric.

Fourth, we testensembleselections performancevhen
only thebestX % modelsareavailablefor selection.These
experimentgon rm ourintuition thatthepotentialfor over-
tting increasesvith moremodels.Usingonly thetop 10-
20%of themodelsyields performancéetterthanor equiv-
alentto ensembleselectionwithout this modelpruning.

2 Background

In this sectionwe brie y review the ensembleselection
procedurerst proposedy Caruanatal.[7]. Ensemblese-
lectionis an overproduceandselectensemblenethodcar
ried to an extremewherethousandof modelsaretrained
using mary differentlearningmethods,and over tting is
moderatedy applyingseveraltechniques.

In ensembleselectionmodelsaretrainedusingasmary
learningmethodsandcontrol parameterascanbe applied
to the problem. Little or no attemptis madeto optimize
the performanceof the individual models;all models,no
matterwhat their performanceare addedto the modelli-
braryfor the problem. The expectationis that someof the
modelswill yield goodperformanceon theproblem,either
in isolation or in combinationwith other models,for ary
reasonabl@erformancametric.

Oncethemodellibrary is collected anensemblés built
by selectingfrom the library the subsetof modelsthat
yield the bestperformanceon the target optimizationmet-
ric. Modelsareselectedor inclusionin theensembleising
greedyforwardstepwisanodelselection.The performance
of addinga potentialmodelto theensemblés estimatedis-
ing a hillclimbing setcontainingdatanot usedto train the
models.At eachstepensembleelectioraddsto theensem-
blethemodelin thelibrary thatmaximizeghe performance
of theensembléo this held-asidehillclimbing data.

Whentherearethousand®f modelsto selectfrom, the
chancef over tting increasedramatically Caruanaet al.
describetwo methodso combatover tting. The rst con-
trols how ensembleareinitialized. The secondperforms
modelbagging—analogous featurebagging1, 5] —tore-
ducethevarianceof the selectionprocess.

Ensemble Initialization: Insteadof startingwith an
emptyensembleCaruanatal. suggestnitializing ensem-
bleswith the N modelsthathave the bestuni-modelperfor
manceon thehillclimb setandperformancenetric.

BaggedEnsembleSelection: It is well known thatfea-
ture subsetselection(e.g. forward stepwisefeatureselec-
tion) is unstablevhentherearemary relevantfeatureq2].
Ensembleselectionis like featureselection wheremodels
arefeaturesand modelsubsetsare found by forward step-
wiseselection Becausef this,ensembleselectioralsohas

high variance.Ensembleselectionusesbaggingover mod-
els to reducethis variance. Multiple ensemblesre built

from randomsubsetf the models,andthenaveragedo-

gether This is analogoudo the featurebaggingmethods
proposedy Bay[1] andBryll etal.[5] andusedin random
forests[4].

Anothertechniqueusedin the original paperis allowing
modelsto be addedto the ensemblenorethanonce. This
providestwo bene ts. First, modelsaddedmultiple times
get more weight in the ensembleaverage. Second,when
modelsare addedwithout replacementgnsembleperfor
mancedeteriorategjuickly afterthe bestmodelshave been
exhaustedecaus@oorermodelsmustthenbeadded.This
malkesdecidingwhento stopaddingmodelsto theensemble
critical becaus@vershootingheoptimalstoppingpointcan
yield muchworseperformanceSelectionwith replacement
allows selectionto continueadding copiesof good mod-
elsinsteadof beingforcedto addinferior models.This, in
turn, makes decidingwhento stopaddingmodelsfar less
critical. All of the experimentsn this paperusethesethree
techniques.

3 Methodology

We useall of thelearningmethodsanddatasetsusedby
Caruanatal.[7], andall of the performancenetricsexcept
CAL (a probability calibrationmetric) and SAR (a metric
that combinesaccurag, squarederror, andROC area). In
addition,we alsotrain modelswith logistic regressionLO-
GREG),navebayeqNB), andrandomforestgRF)[4], and
experimentwith four additionaldatasets:MG, CALHOUS,
COD, and BACT. All of the datasetsare binary classi -
cation problems. The learningmethodsand datasetsare
describedn Appendix A andB, respectiely. The per
formancemetricswe study are describedn the following
subsection.

3.1 PerformanceMetrics

The eight performancemetricswe use can be divided
into threegroups:thresholdmetrics,ordering/rankmetrics
andprobability metrics.

The threshold metrics are accurag (ACC), F-score
(FSC)andlift (LFT). For thresholdednetrics,it is notim-
portanthow closea predictionis to athresholdonly if it is
aboveor below threshold.SeeGiudici [10] for adescription
of Lift Curves.UsuallyACC andFSChave a x edthresh-
old (we use0.5). For lift, oftena x edpercentp, of cases
are predictedas positive and the rest as negative (we use
p = 25%).

The ordering/rankmetricsdependonly on the ordering
of the cases,not the actual predictedvalues. As long as
orderingis presered, it makes no differenceif predicted



Table 1. Performance with and without model calibration.

The best score in each column is bolded.

ACC FSC LFT | ROC APR BEP | RMS MXE || MEAN
ES-BOTH 0.920 0.888 0.967| 0.982 0.972 0.964| 0.932 0.944 | 0.946
ES-PREV 0.922 0.893 0.967| 0.981 0.966 0.965| 0.919 0.932| 0.943
ES-NOCAL 0.919 0.897 0.967| 0.982 0.970 0.965| 0.912 0.925| 0.942
ES-CAL 0.912 0.847 0.969| 0.981 0.969 0.966| 0.935 0.940 || 0.940
BAYESAVG-BOTH 0.893 0.814 0.964| 0.978 0.963 0.956| 0.918 0.934| 0.928
BAYESAVG-CAL 0.889 0.820 0.962| 0.977 0.960 0.955| 0.912 0.925| 0.925
MODSEL-BOTH 0.871 0.861 0.939| 0.973 0.948 0.938| 0.901 0.916| 0.918
BAYESAVG-PREV | 0.881 0.789 0.956| 0.970 0.956 0.947| 0.893 0.911| 0.913
MODSEL-PREV 0.872 0.860 0.939| 0.973 0.948 0.938| 0.879 0.892| 0.913
MODSEL-CAL 0.870 0.819 0.943| 0.973 0.948 0.940| 0.892 0.910| 0.912
MODSEL-NOCAL 0.871 0.858 0.939| 0.973 0.948 0.938| 0.861 0.871| 0.907
BAYESAVG-NOCAL | 0.875 0.784 0.955| 0.968 0.953 0.941| 0.874 0.892 | 0.905

valuesfall betweerD and1 or 0.89and0.90. Thesemetrics
measuréow well the positive casesreorderedbeforeneg-

ative casesandcanbe viewed asa summaryof modelper

formanceacrossall possiblethresholds.The rank metrics
we useareareaunderthe ROC curve (ROC), averagepre-
cision (APR), andprecision/recalbreakeven point (BEP).
SeeProvostandFawcett[19] for adiscussiorof ROC from

amachindearningperspecitie.

The probability metricsare minimized (in expectation)
whenthe predictedvaluefor eachcasecoincideswith the
trueconditionalprobability of thatcasebeingpositive class.
Theprobabilitymetricsaresquarederror(RMS) andcross-
entropy (MXE).

3.2 Comparing AcrossPerformanceMetrics

To permit averagingacrossmetricsand problems,per
formancesnustbe placedon comparablescales Following
Caruaneet al. [7] we scaleperformancedor eachproblem
and metric from 0 to 1, whereO is baselineperformance
andl is thebestperformancechiezedby any modelor en-
semble We usethefollowing baselinenodel: predictp for
every casewherep is the percenbf positivesin the data.

Onedisadwantageof normalizedscoress thatrecovering
araw performanceequiresknowing whatperformancesde-

ne thetop andbottomof the scaleandasnew bestmodels

arefound the top of the scalemay change. Note that the
normalizedscoregpresentedherediffer from thosereported
in Caruaneet al. [7] becauseave are nding bettermodels
that shift the top of the scales. The numbersde ning the
normalizedscalescanbefoundin AppendixC.

4 Ensemblesof Calibrated Models

Modelstrainedby differentlearningalgorithmsdo not
necessarily'speakthe samelanguage”. A prediction of

0.14from a neuralnetdoesnot necessarilyneanthe same
thing asa predictionof 0.14from a boostedtree or SVM.

Predictionsfrom neuralnetsoften arewell-calibratedpos-
terior probabilities put predictiondrom SVMs arejust nor-

malizeddistancedo the decisionsurface. Averagingpre-
dictionsfrom modelsthat are not on commensuratscales
may hurtensemblgerformance.

In this sectionwe evaluatethe performanceof ensem-
ble selectiomafter“translating”all modelpredictionsto the
common‘language”of well-calibratedposteriorprobabili-
ties. Learningalgorithmssuchasboostedreesandstumps,
SVMs, or nave bayeshave poorly calibratedpredictions
[15]. A numberof methodshave beenproposedor map-
ping predictionsto posteriorprobabilities.In this paperwe
adoptthe methodPlattdevelopedfor SVMs[18], but which
alsoworks well for otherlearningalgorithms[15]. Platt's
methodtransformspredictionsby passingthemthrougha
sigmoid whoseparametersare learnedon an independent
calibrationset. In this paper the ensembleselectionhill-
climb setis usedfor calibrationaswell.

Table 1 shaws the performanceof ensembleselection
(ES), model selection(MODSEL),? and Bayesianmodel
averaging(BAYESAVG) [8], with and without calibrated
models. Resultsare shavn for four different model li-
braries:1) only uncalibratednodels(NOCAL), 2) only cal-
ibratedmodels(CAL), 3) both calibratedand uncalibrated
models(BOTH), and4) only SVMsarecalibratedfo mimic
prior experimentg7] (PREV).Eachentryis the averageof

ve folds on eachof the eleven problems.The lastcolumn
shavs the meanperformanceover all eight metrics. Rows
aresortedby meanperformance.

Comparingesultsfor ensembleselectiornwith andwith-
outcalibration(ES-CALandES-NOCAL),we seethatcali-
bratingmodelsmprovesRMS andMXE (signi cant at.05)
but hurtsFSC.Thereis little differencefor LFT, ROC,APR

2Model selectionchooseshe bestsinglemodelusingthenhiliclimb set.



andBER For modelselectionwe seethe sametrends:cali-
bratedmodelsyield betterRMS andMXE andworseFSC.
The magnitudef the differencessuggesthat mostif not
all of theimprovementin RMS andMXE for ensemblese-
lectionwith calibratedmodelsis dueto having bettermod-
elsin thelibrary ratherthanfrom ensembleselectiortaking
adwantageof the commonscaleof the calibratedmodels.
We are not surewhy calibrationmakes FSC performance
worsefor bothMODSEL andES, but againsuspecthatthe
differencesbetweenES-CAL and ES-NOCAL are dueto
differencesn the performancef thebase-lgel models.

Having both calibratedand uncalibratedmodelsin the
library (ES-BOTH andMODSEL-BOTH) givesthe bestof
bothworlds: it alleviatesthe problemwith FSCwhile re-
taining the RMS and MXE improvements.For the restof
the experimentsin this paperwe use libraries containing
bothcalibratedanduncalibratednodels.

Unlike with ensembleselectionusingcalibratedmodels
for Bayesiarmodelaveragingimprovesperformanceon all
metrics,not just RMS and MXE (signi cant at.05). With
calibratedmodels,Bayesianaveragingoutperformsmodel
selectiorbut is still notasgoodasensembleselection.

5 Analysisof Training Size

The original ensembleselectionpaperdemonstratethe
methods effectivenessusing relatively small hillclimbing
setscontaining1000 datapoints. Sincethe datausedfor
hillclimbing is datataken away from training the individ-
ual models,keepingthe hillclimb set small is important.
Smallerhillclimb setshowever, areeasielto over t to, par
ticularly whentherearemary modelsfrom which to select.

To exploreensembleselections sensitvity to thesizeof
thehillclimb set,we ran ensembleselectionwith hillclimb
setscontaining100,250,500,1000,2500,5000,and10000
datapoints.In eachrunwe randomlyselectedhepointsfor
thehillclimb setandusedtheremaindeffor thetestset. The
hyperspectrahndmedisdatasetscontainedoo few points
to leave sufcient testsetswhenusinga 10K hillclimbing
setandwereomitted. Dueto time constraintsaandthe cost
of generatinghelearningcurves,we only usedonerandom
sampleat eachsizeanddid notrepeathe experiment.

Figure 1 shaws learning curves for our eight perfor
mancemeasuresindtheir mean.Eachgraphis anaverage
over 9 problems. Thex-axisusesalogscaleto bettershav
whathappensvith smallhillclimbing sets.Normalizedper
formancescoresareplottedon the y-axis. For comparison,
thegraphsncludethe performancechiezedby picking the
singlebestmodel(MODSEL).

Unsurprisingly the performanceachiezed with both en-
sembleselectiorandmodelselectionusingonly 100 points
for hillclimbing is quite bad. As dataincreaseshoth meth-
odsdo betterasthey overt less. Interestingly ensemble

selectionis hurtlessby a smallhillclimbing setthanmodel
selectionsuggestinghatit is lessproneto over tting than
model selection. Becauseof this, the bene t of ensemble
selectionoverthebestmodelsappearso bestrongestvhen
trainingdatais scarcearegime[7] did notexamine.(They
usedsk trainingdatawith 1k pointsheldasidefor ensemble
stepwiseselection.)As thesizeof thehillclimbing setsgoes
from 1k to 10k, ensembleselectionmaintaingts edgeover
modelselection.

With smallhillclimb sets,usingbaggingwith ensemble
selectionis crucial to getting good performance;without
it, meanperformanceusinga 100 point hillclimb setdrops
from 0.888to 0.817. In contrast,baggingprovidesvery
little if any bene t whena very large hillclimb setis used
(morethan5000pointswith our datasets).

6 Cross-\alidated EnsembleSelection

It is clearfrom theresultsin Section5 thatthelargerthe
hillclimb set, the betterensembleselections performance
will be. Tomaximizetheamountof availabledatawe apply
cross-alidationto ensembleselection. Simply wrapping
cross-alidationaroundensembleselection,however, will
nothelpbecausehealgorithmwill still have justafraction
of the training dataavailablefor hillclimbing. Instead,we
embedcross-alidationwithin ensembleelectiorsothatall
of the training datacan be usedfor the critical ensemble
hillclimbing step.Conceptuallythe procedurenakescross-
validated models then runs ensembleselectionthe usual
way on alibrary of cross-alidatedbase-lgel models.

A cross-alidatedmodelis createdby training a model
for eachfold with the samemodelparametes. If thereare
5 folds, therewill be 5 individual models(eachtrainedon
4000 points)thatare “siblings'; thesesiblings shouldonly
differ basedon variancedueto their differenttrainingsam-
ples.To make apredictionfor atestpoint,across-alidated
modelsimply averageghe predictionsamadeby eachof the
siblingmodels.Thepredictionfor atraining point (thatsub-
sequentlywill beusedfor ensembldillclimbing), however,
only comesfrom the individual modelthat did not seethe
pointduringtraining. In essencehecross-alidatedmodel
delegatesthe predictionresponsibilityfor a point that will
be usedfor hillclimbing to the onesibling modelthatis not
biasedfor thatpoint.

Selectinga cross-alidatedmodel,whetherduringmodel
selectionor ensembleselection,meanschoosingall of the
sibling modelsasa unit. If 5-fold cross-walidationis used,
selectionchoosegroupscontaining5 sibling modelsat a
time. In this case,when selectionaddsa cross-alidated
modelto agrowing ensembleit reallyaddss differentmod-
els of the samemodeltypeto the ensemblegachof which
recevesthe sameweightin theensembleverage.

We ran ensembleselectionwith 5-fold cross-alidation;
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Figure 1. Learning curves for ensemb le selection with and without bagging, and for picking the best

single model (modsel).

Table 2. Performance with and without cross-v alidation for ensemb le selection and model selection.

ACC FSC LFT | ROC APR BEP | RMS MXE || MEAN
ES-BOTH-CV 0.935 0.926 0.982| 0.996 0.992 0.977| 0.984 0.989 | 0.973
MODSEL-BOTH-CV | 0.907 0.923 0.971| 0.985 0.968 0.963| 0.945 0.961 | 0.953
ES-BOTH 0.920 0.888 0.967| 0.982 0.972 0.964| 0.932 0.944 | 0.946
MODSEL-BOTH 0.871 0.861 0.939| 0.973 0.948 0.938| 0.901 0.916| 0.918

thisis analogoudo normalensembleselectionwith a 5000
pointhillclimb set. Table2 shavs theresultsaveragecbver
all the problems.Not only doescross-alidationgreatlyim-

prove ensembleselectionperformanceit alsoprovidesthe
samebene t to modelselection. Five-fold cross-alidated
model selectionactually outperformsnon-cross-alidated
ensembleselectionby a smallbut noticeableamount.How-

ever, ensembleselectionwith embeddecdcross-alidation
continuego outperformmodelselection.

Table 3 providesa differentway to look at the results.
The numbersin the table (exceptfor the last row) arethe
percentreductionin loss of cross-alidatedensemblese-
lection, relative to non-cross-alidatedmodelselection the
baselineusedin Caruanaetal. [7]. For example,if model

selectionachievesa raw accurag scoreof 90%,andcross-
validatedensembleselectionachierzes 95% accurag, then
the percentreductionin lossis 50%—thelosshasbeenre-
ducedby half. TheMEAN row is theaverageimprovement
for eachmetric,acrosglatasetsFor comparisonthe PREV
row is the performanceof the original non-cross-alidated
ensembleselectionmethod(i.e. no cross-alidation and
only SVMs arecalibrated).

Embeddingcross-alidation within ensembleselection
doubledts bene t oversimplemodelselectionfrom 6.90%
t0 12.77%).This is someavhatof anunfair comparisonif a
cross-alidatedmodellibrary is available, it is just aseasy
to do cross-alidatedmodel selectionasit is to do cross-
validatedensembleselection.Thelastrow in Table3 shows



Table 3. Percent loss reduction

by dataset.

ACC_FSC_LFT [ROC_APR_BEP | RMS MXE | MEAN
ADULT 277 589 872 | 745 670 758 | 226 408 | 568
BACT 208 383 1642 | 413 549 176 | 142 415 | 491
CALHOUS | 7.95 9.49 48.00 | 8.69 881 6.15 | 7.17 12.74| 13.63
cob 573 746 1433 | 914 1052 7.1 | 239 3.79 || 7.56
COVTYPE | 668 7.26 12.35|11.34 1499 7.64 | 7.80 12.92| 10.12
HS 1366 16.36 12.32 | 37.53 37.78 16.77|12.65 27.43| 21.81
LETTER.p2| 1521 14.50 100.00| 32.84 33.05 15.85|17.13 29.47 | 32.26
LETTER.p1| 21.55 25.66 0.29 | 69.10 4529 19.25|19.59 34.58 | 29.41
MEDIS 277 -0.05 208 | 633 7.28 462 | 140 270 || 3.39
MG 445 198 425 | 1184 1265 6.04 | 257 6.10 | 6.23
SLAC 249 327 1365| 6.92 9.62 273 | 1.66 3.33 | 546
MEAN 776 870 21.13|18.67 17.47 868 | 601 1284 12.77
[PREV | 496 456 16.22 | 843 624 515 ] 3.27 639 | 690 |
[MEAN® | 289 3.07 10.82] 9.97 937 284 | 254 422 | 571 |

the percentlossreductionof cross-alidatedensemblese-
lectioncomparedo cross-alidatedmodelselection.Com-
paring PREV and MEAN®, we seethat after embedding
cross-alidation, ensembleselectionprovides slightly less
bene tovermodelselectiorthanun-cross-alidatedensem-
ble selectiondid overun-crossvalidatedmodelselection.

While training ve timesas mary modelsis computa-
tionally expensve, it may be usefulfor domainswherethe
bestpossibleperformancas needed.Potentiallymorein-
teresting,in domainswherelabeleddatais scarce,cross-
validatedensembleselectionis attractive because) it does
notrequiresacri cing partof thetrainingdatafor hillclimb-
ing, b) it maximizesthe sizeof the hillclimbing set(which
Figurel showsis critical whenhillclimb datais small),and
c) trainingthecross-alidatedmodelss muchmorefeasible
with smallertrainingdata.

7 DirectMetric Optimization

Oneinterestingfeatureof ensembleselectionis its abil-
ity to build anensembl@ptimizedto anarbitrarymetric. To
testhow muchbene t this capabilityactually provides,we
compareensembleselectionthat optimizesthe target met-
ric with ensembleselectionthatoptimizesa predetermined
metric regardlessof the target metric For eachof the 8
metrics,we trainanensemblehatoptimizesit andevaluate
the performanceon all metrics. Optimizing RMS or MXE
yieldsthebestresults.

Table4 liststheperformancef ensembleelectiorfor a)
alwaysoptimizingto RMS, b) alwaysoptimizingto MXE,
and c) optimizing the true target metric (OPTMETRIC).
Whencross-alidationis not used,thereis modestbene t
to optimizing to the target metric. With cross-alidation,
however, thebene t from optimizingto thetargetmetricis

Table 4. Performance of ensemb le selection
when forced to optimiz e to one set metric.

| RMS MXE OPTMETRIC
0.969 0.968 0.973
0.935 0.936 0.946

ES-BOTH-CV
ES-BOTH

signi cantly smaller

Thescattemlotsin Figure2 plot the performancef op-
timizing to RMS againstthe performanceof optimizing to
OPTMETRIC,with onegraphpertargetmetric. Again, we
canseethat ensembleselectionperformssomavhat better
with OPTMETRIC.Alwaysoptimizing RMS is frequently
very competitive, especiallywhen performancegetsclose
to anormalizedscoreof 1. Thisis why thebene t of direct
metric optimizationis so small for cross-alidatedensem-
ble selection. Theseresultssuggesthat optimizing RMS
(or MXE) may be a goodalternatve if the target metricis
too expensveto usefor hillclimbing.

8 Model Library Pruning

Including a large numberof baselevel models,with a
wide variety of parametersettings,in the model library
helps ensurethat at least some of the modelswill have
good performanceegardlessof the metric optimized. At
the sametime, increasingthe numberof available models
alsoincreasesherisk of over tting thehillclimb set.More-
over, someof the modelshave suchpoor performancehat
they areunlikely to beusefulfor ary metriconewould want
to optimize. Eliminatingthesemodelsshouldnot hurt per
formanceandmight help.

In this sectionwe investigateensembleselections per
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Figure 2. Scatter plots of ensemb le selection performance when RMS is optimiz ed (x-axis) vs when
the target metric is optimiz ed (y-axis). Points above the line indicate better performance by optimizing
to the target metric (e.g. accurac y) than when optimizing RMS. Each point represents a diff erent data
set; circles are averages for a problem over 5 folds, and X's are performances using cross-v alidation.
Each metric (and the mean across metrics) is plotted separatel y for clarity.

formancewhen employing varying levels of library prun-
ing. The pruningworks asfollows: the modelsare sorted
by their performanceon the target metric (with respecto
the hillclimb set),and only the top X % of the modelsare
usedfor ensembleselection. Note that this pruningis dif-

ferentfrom work on ensembleruning[12, 22, 23, 26, 13].

This is a pre-processingmethod,while ensemblegoruning
post-pocesseanexisting ensemble.

Figure 3 shows the effect of pruning for eachperfor
mance metric, averagedacrossthe 11 data setsand 5
folds using non-cross-alidated ensembleselection with
and without bagging. For comparison,at lines illustrate
theperformancechiezedby modelselectionfmodsel) and
non-prunedensembleselection(es-both). The legendis
shavn in the ACC graph.

The gure clearly shaws that pruning usually doesnot
hurt ensembleselectionperformance and often improves
it. For ACC, LFT, and BEP prunedensembleselection
(theline with boxes)seemdo yield the sameperformance
asnon-prunecensembleselection. For the other metrics,
pruningyields superiorperformance.lndeed,whenusing
more than50% of the modelsperformancedecreasesin-
terestingly library pruning reducesthe needfor bagging,
presumablyby reducingthe potentialfor over tting.

3The bagging line at 100% doesnot always matchthe es-bothline,
eventhoughtheseshouldbeequivalentcon gurations.Thisis particularly
evidentfor FSC thehighestvariancemetric. Thesortingperformedoefore
pruningaltersensembleselectiors modelsamplingresultingin additional

Thegraphdn Figure3 showv theaverage behaior across
our 11 datasets.Ensembleselections behaior underprun-
ing may in factvary wheneachdatasetis consideredn-
dividually. Averagingacrossproblemscould hide different
peakpoints. Figure4 shovs RMS performancédor eachof
theproblems.

Althoughperformancestartsto declineatdifferentprun-
ing levels for the differentproblemsiit is clearthatlarger
modellibrariesincreaseherisk of over tting the hillclimb
set. Using 100% of the modelsis never worthwhile. At
best,usingthefull library canmatchtheperformancef us-
ing only a smallsubset.In the worstcase ensembleselec-
tion over ts. Thisis particularlyevidentfor the COD data
setwheremodelselectionoutperformsensembleselection
unlesspruningis employed.

While furtherwork is neededo developgoodheuristics
for automaticallychoosinganappropriatgruninglevel for
adataset,simply usingthetop 10—20%modelsseemgo be
agoodrule of thumh An openproblemis nding a better
pruning method. For example,taking into accountmodel
diversity(seefor example[11, 17]) might nd betterpruned
sets.

variance.
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Figure 3. Pruned ensemb le selection performance .

9 Discussion

In this sectionwe further analyzethe bene t of embed-
ding crossvalidation within ensembleselectionand also
brie y describeotherwork we are doing to make ensem-
ble selectiormodelssmallerandfaster

9.1 Bene ts of Cross-\alidation

The resultsin Section6 shav that embeddingcross-
validationwithin ensembleselectionsigni cantly increases
the performanceof ensembleselection.Therearetwo fac-
torsthat could explain this increasean performance First,
the biggerhillclimbing setcould make selectingmodelsto
addto the ensemblemore reliable and thus make over t-
ting harder Secondaveragingthe predictionsof thesibling
modelscould provide a bagging-like effect that improves
the performanceof the base-lgel models. To teaseapart
thebene t dueto eachof thesefactorswe performtwo ad-
ditional experiments.

In one experiment,we usethe samehillclimbing setas
cross-alidatedensembleselection,but insteadof averag-

ing the predictionsof the sibling models,we useonly the
predictionsof oneof the siblings. Using this procedureve
construct ve ensemblanodels,onefor eachfold, andre-
port their meanperformance.This providesa measureof
thebene t dueto theincreasen the sizeof thehillclimb set
(from cross-alidation) while eliminating the bagging-like
effectdueto sibling modelaveraging.

In theotherexperimentwe usethesmallerhillclimb sets
usedby un-cross-validatecensembleselection,but we do
averagethe predictionsof the sibling models. We again
construct ve ensemblanodels,onefor eachfold, andre-
port their meanperformanceThis allows usto identify the
performancéncreaselueto thebagging-like effect of aver
agingthe predictionsof the sibling models.

Table5 shavstheresultsof theseexperiments Entriesin
thetableshowv theimprovementprovidedby usingalarger
hillclimb set(ES-HILL) andby averagingthe sibling mod-
els (ES-AVG) asa percentagef thetotal bene t of cross-
validatedensembleselection. For example,looking at the
ACC column,increasingthe size of the hillclimb setfrom
1k to 5k yieldsa bene t equalto 32.9%of thetotal bene t
provided by cross-alidatedensembleselection,and aver-
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Figure 4. RMS performance for pruned ensemb le selection.

agingthesibling modelsyieldsabene t equalto 80.5%.

Thethird row in thetableis thesumof the rst two rows.
If the sumis lower than 100% the effectsfrom ES-HILL
andES-A/G aresuperadditive,i.e. combiningthe two ef-
fectsprovidesmore bene t thanthe sumof the individual
improvementslf thesumis higherthan100%thenthetwo
effectsaresub-additve. For ACC, the sumis 113.4%,indi-
catingthatthe effectsof thesetwo factorsaresub-additve:
thetotal performancés slightly lessthanwould beexpected
if the factorswere independent.Exceptfor the high vari-
ancemetrics,FSCand ACC, the sumsarecloseto 100%,
indicatingthatthetwo effectsarenearlyindependent.

The learning curves in Figure 1 suggestthat increas-

ing the size of the hillclimb setfrom 1k to 5k would ex-
plain almostall of the bene t of cross-alidation. These
resultshowever, shav thaton averageacrosgheeightmet-
rics the bene t from ES-HILL and ES-A/G are roughly
equal. About half of the bene t from embeddingcross-
validationwithin ensembleselectionappeardo resultfrom
the increasen the size of the hillclimb set, andthe other
half appeardo resultfrom averagingthe sibling models.
Increasinghe sizeof the hillclimb setvia cross-validation
(asopposedo having moredataavailablefor hillclimbing)
provideslessbene tin practicebecaus¢hereis amismatch
betweerthe base-lgel modelsusedto make predictionson
the hillclimbing setand the sibling-averagedmodelsthat



Table 5. Breakdo wn of impr ovement from cross-v alidation.

ACC _FSC _LFT [ ROC_APR BEP | RMS _ MXE [ MEAN
ES-HILL | 32.9% 37.2% 48.0% | 38.8% 40.8% 19.4%] 55.1% 56.7% | 41.1%
ES-A/G | 80.5% 13.6% 54.0% | 59.0% 55.7% 77.4%| 46.8% 51.8% | 54.9%
[SUM [ 113.4% 50.8% 102.0%] 97.8% 96.5% 96.8% | 101.9% 108.5%] 96.0% |

will beusedin theensembleln otherwordsensemblese-
lectionis hillclimbing usingslightly differentmodelsthan
theonesit actuallyaddsto theensemble.

9.2 Model Compression

While veryaccuratetheensemblebuilt by ensemblee-
lectionareexceptionallycomplex. On average storingthe
learnedensembleequires550MB, andclassifyingasingle
testcasetakesabout0.5 seconds.This prohibitstheir use
in applicationswhere storagespaceis at a premium (e.g.
PDAs), wheretestsetsare large (e.g. Google),or where
computationapoweris limited (e.g.hearingaids).In asep-
aratepaperwe addresgheseissuesby usinga modelcom-
pression[6] methodto obtainmodelsthat performaswell
astheensemblesuilt by ensembleselectionput which are
fasterandmorecompact.

The main ideabehindmodel compressioris to train a
fastandcompacimodelto approximatehefunctionlearned
by aslow, large,but high performingmodel.Unlikethetrue
functionthatis unknawn, the function learnedby the high
performingmodelis availableandcanbeusedto labellarge
amountsof syntheticdata. A fast,compactandexpressie
modeltrainedon enoughsyntheticdatawill notovert and
will closely approximatethe function learnedby the orig-
inal model. This allows a slow, complex modelsuchasa
massie ensembleto be compressednto a fast, compact
modelwith little lossin performance.

In themodelcompressiopaperwe useneuralnetworks
to compresgnsembleproducedy ensembleelection.On
averagethecompressechodelsretainmorethan90%of the
improvementprovided by ensembleselection(over model
selection),while being more than 1000times smallerand
1000timesfaster

10 Conclusions

Embeddingcross-alidation inside ensembleselection
greatlyincreaseds performanceHalf of thisbene tis due
to having moredatafor hillclimbing; theotherhalf is dueto
a baggingeffect that resultsfrom the way cross-alidation
is embeddedvithin ensembleselection.Unsurprisinglyre-
ducingthe amountof hillclimbing datahurts performance
becausensembleelectiorcanover t thisdatamoreeasily
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In comparisorio modelselectionhowever, ensembleelec-
tion seemamuchmoreresistanto over tting whendatais
scarce Furtherexperimentsvaryingthe amountof training
dataprovidedto the base-l@el modelsareneededo seeif
ensembleselectionis truly ableto outperformmodelselec-
tion by sucha signi cant amounton smalldatasets.

Counterto ourandothers'intuition [9], calibratingmod-
elsto putall predictionsonthe samescalebeforeaveraging
them did not improve ensembleselection$ effectiveness.
Mostof calibrationsimprovementtomesrom the superior
base-lgel models.

Our experimentsshaw thatdirectly optimizing to a tar-
getmetricis betterthanalwaysoptimizingto someprede-
terminedmetric. Thatsaid, alwaysoptimizingto RMS or
MXE wassurprisinglycompetitve. Thesemetricsmay be
goodoptimizationproxiesif the tagetmetricis too expen-
sive to computerepeatedlyduring hillclimbing.

Finally, pruningthe numberof availablemodelsreduces
therisk of over tting during hillclimbing while alsoyield-
ing fasterensemblébuilding. In our experimentspruning
rarely hurt performanceaandfrequentlyimprovedit.
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A Learning Methods

In addition to the learning methodsusedby Caruana
et al. [7] (decisiontrees,baggedtrees,boostedtreesand
stumps KNN, neuralnets,and SVMs), we usethreemore
modeltypes: logistic regressionnave bayes,andrandom
forests.Thesearetrainedasfollows:

Logistic Regression(LOGREG): wetrainbothunregular
ized and regularizedmodels,varying the ridge parameter
by factorsof 10from 10 & to 10*. Attributesarescaledto
mean0 andstandardieviation 1.

Random Forests (RF): we use the Weka implementa-
tion [24]. The forestshave 1024trees,andthe sizeof the
featuresetto considerat eachsplitis 1, 2,4, 6,8,12,16 or
20.

Na've Bayes (NB): we usethe Wekaimplementatiorand
try all threeof the Wekaoptionsfor handlingcontinuousat-
tributes:modelingthemasa singlenormal,modelingthem
with kernel estimation,or discretizingthem using super
viseddiscretization.

In total, around2,500 modelsaretrainedfor eachdata
set. Whencalibratedmodelsareincludedfor ensemblese-
lectionthe numberdoublesto 5,000.

B Data Sets

We experiment with 11 binary classi cation prob-
lems. ADULT, COV_TYPE, HS, LETTER.P1, LET-
TER.P2, MEDIS, and SLAC were used by Caruanaet
al. [7]. The four new datasetswe useare BACT, COD,
CALHOUS, and MG. COD, BACT, and CALHOUS are
threeof the datasetaisedin Perlichet al. [16]. MG is a
medicaldataset. SeeTable 6 for characteristicof the 11
problems.

Table 6. Description of problems

PROBLEM H#ATTR TRAIN TEST %POZ
ADULT 14/104 4000 35222 25%
BACT 11/170 4000 34262 69%
coD 15/60 4000 14000 50%
CALHOUS 9 4000 14640 52%
COV_TYPE 54 4000 25000 36%
HS 200 4000 4366 24%
LETTER.P1 16 4000 14000 3%
LETTER.P2 16 4000 14000 53%
MEDIS 63 4000 8199 11%
MG 124 4000 12807 17%
SLAC 59 4000 25000 50%




Table 7. Scales used to compute normaliz ed scores. Each entry shows bottom /top for the scale.

ACC FSC LFT ROC APR BEP RMS MXE
ADULT 0.752/0.859 0.398/0.705 1.000/2.842 | 0.500/0.915 0.248/0.808 0.248/0.708 | 0.432/0.312 0.808/0.442
BACT 0.692/0.780 0.818/0.855 1.000/1.345 | 0.500/0.794 0.692/0.891 0.692/0.824 | 0.462/0.398 0.891/0.697
CALHOUS | 0.517/0.889 0.681/0.893 1.000/1.941 | 0.500/0.959 0.517/0.964 0.517/0.895 | 0.500/0.283 0.999/0.380
COD 0.501/0.784 0.666/0.796 1.000/1.808 | 0.500/0.866 0.499/0.864 0.499/0.782 | 0.500/0.387 1.000/0.663
COVTYPE 0.639/0.859 0.531/0.804 1.000/2.487 | 0.500/0.926 0.362/0.879 0.361/0.805 | 0.480/0.320 0.944/0.478
HS 0.759/0.949 0.389/0.894 1.000/3.656 | 0.500/0.985 0.243/0.962 0.241/0.898 | 0.428/0.198 0.797/0.195
LETTER.p1 | 0.965/0.994 0.067/0.917 1.000/4.001 | 0.500/0.999 0.036/0.975 0.035/0.917 | 0.184/0.067 0.219/0.025
LETTER.p2 | 0.533/0.968 0.696/0.970 1.000/1.887 | 0.500/0.996 0.534/0.997 0.533/0.970 | 0.499/0.157 0.997/0.125
MEDIS 0.893/0.905 0.193/0.447 1.000/2.917 | 0.500/0.853 0.108/0.462 0.107/0.469 | 0.309/0.272 0.491/0.365
MG 0.831/0.900 0.290/0.663 1.000/3.210 | 0.500/0.911 0.170/0.740 0.169/0.686 | 0.375/0.278 0.656/0.373
SLAC 0.501/0.726 0.667/0.751 1.000/1.727 | 0.500/0.813 0.501/0.816 0.501/0.727 | 0.500/0.420 1.000/0.755

C PerformanceScales

Table? liststhe performanceaumberghatdeterminehe
normalizedscores. Eachentry containsthe baselineper
formance(bottom of the scale)andthe bestperformance

achievedby any modelor ensemblédtop of thescale).
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