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Abstract

Output Coding is a methodof converting a multiclass
probleminto several binary subproblemsand givesan en-
sembleof binary classifiers. Like otherensemblemethods,
its performancedependson the accuracy and diversity of
baseclassifiers. If a decisiontreeis chosenasbaseclassi-
fier, theissueof treepruningneedsto beaddressed.In this
paperweinvestigatetheeffectof sixmethodsof pruningon
ensemblesof treesgenerated by Error-Correcting Output
Code(ECOC).Our resultsshowthat Error-BasedPruning
outperformson mostdatasetsbut it is betternot to prune
thanto selecta singlepruningstrategy for all datasets.

1. Introduction

In the outputcodingmethodof learning,severalbinary
classifiersaretrainedon two classsub-problemsandtheir
outputsarecombinedto solve theoriginal multiclassprob-
lem. To decomposea

�
classproblemthesemethodsuse

a
�����

binary(typically 0-1) codematrix where
�

is the
numberof binaryclassifiers.One-Per-ClassandDistributed
OutputCode[5] areexamplesof this kind of decomposi-
tion technique. In One-Per-Classa

�
-dimensionalbinary

target vectorrepresentseachoneof
�

classesusinga sin-
gle binary value at the correspondingposition, for exam-
ple � ���
	�	�	 �
���������
	�	�	 ��� . This leadsto a codematrix that has
1’s along the diagonaland0 elsewhere. DistributedOut-
put Codeis different in that the

�
rows arebinary strings

thatareassignedon thebasisof meaningfulfeaturescorre-
spondingto eachbit position.For this to providea suitable
decompositionsomedomainknowledgeis requiredsothat
eachclassifieroutputcanbeinterpretedasabinaryfeature.
The stringsare treatedascodewords,onefor eachclass,
anda testpatternis assignedto the classcorrespondingto
theclosestcodeword.

Error-CorrectingOutputCode(ECOC)usesamethodof
assigningsimilar to DistributedOutputCodebut the code

matrix is problem-independent.The motivation for using
anerror-correctingcodecomesfrom theassumptionthatthe
learningtaskcanbemodelledasacommunicationproblem,
in whichclassinformationis transmittedoverachannel[5].
In this model,errorsintroducedinto theprocessarisefrom
varioussourcesincluding the learningalgorithm, features
andfinite training sample.From the transmissionchannel
viewpoint,it is expectedthatOne-Per-ClassandDistributed
OutputCodingmatriceswould not performaswell as the
ECOCmatrix, becauseof inferior error-correctingcapabil-
ity. The outputcodingconcepthasbeensuccessfullyap-
plied to problemsin several domainssuchascloudclassi-
fication,text classification,text to speechandfacerecogni-
tion [9]. It hasalso beenshown to improve performance
with different kinds of baseclassifier including decision
tree,multi-layerperceptron,SVM andk-nearest-neighbour.

If a decisiontree is chosenasbaseclassifier, the issue
of tree pruning needsto be addressed.In the past,effort
hasbeendirectedtowarddevelopingeffective treepruning
methods(for a review see[6]) in the context of a single
tree. The goal of single treepruningin an ensembleis to
produceasimplertreebaseclassifierwhichgivesimproved
ensembleperformance. The methodsusedin this study
are Error-basedPruning (EBP), Minimum Error Pruning
(MEP),Reduced-ErrorPruning(REP),Critical ValuePrun-
ing (CVP)andCost-Complexity Pruning(CCP).It is worth
noting that treepruningis anart ratherthana science.For
exampleconsiderEBP, which is the default pruningstrat-
egy for C4.5, in which the authoremphasisesits heuristic
natureby noting that the reasoningbehindit (Section3.1)
shouldbetakenwith a ”grain of salt” [11].

In [5] ECOCwith C4.5showednosignificantdifference
on prunedversusunprunedon six out of eight datasets.
Therehave alsobeensomerecentstudiesof pruningwith
ensemblesusingC4.5for Bagging,Boosting[13] andran-
domisation[4]. In [4] over thirty-threedatasets,significant
differencedueto pruning(EBPconfidencelevel 10%)was
observedin tendatasetsfor bothC4.5andrandomisedC4.5,
in four datasetsfor BaggedC4.5 andin nonefor Boosted



C4.5. In [13], five pruning methodswere comparedand
EBP performedbestfor both BaggingandBoosting. The
empiricalcomparisonof ensembleclassifiersin [2] did not
useC4.5, but did comparesizeof baggedprunedandun-
prunedtrees,andconcludedthatpruningreducesbiaswhile
increasingvariance.

2. Output Coded Ensembles

The binary
�����

outputcoding matrix � definesthe
problemdecomposition.A trainingpatternwith targetclass��� ( ������	�	�	 � ) is re-labelledeitherasclass� � or asclass��!
dependingon thevalueof � �#" . Oneway of looking at this
re-labellingis to considerthatfor eachcolumnthe

�
classes

arearrangedinto two super-classes� � and ��! . A pattern
is presentedto the

�
trainedbinaryclassifiersandthereby

mappedinto vector $��%� & � ��& ! �
	�	�	 &('�� , in which & " is the
real-valuedoutputof ) th baseclassifier. Theoutputvector
representssuper-classprobabilitiesandapatternis assigned
to the classcorrespondingto the closestrow (codeword)
in � . HammingDistancewas originally chosento mea-
surecloseness,sincethecodewasbasedonerror-correcting
principles. However when it was shown that the method
producedgoodprobability estimatesthe decisionstrategy
wasmodifiedto the * �� normor Minkowski distancegiven

by * �� �
+,"�- �
. � �/"10 & " . . Thedecisionstrategy assignsclass

��� accordingto 2 354
67�98 ��: * ��5; .
When the ECOC techniquewas developedit was be-

lievedthat thecodematrix shouldbechosento satisfycer-
tain properties,includinghigh HammingDistancebetween
pairs of rows andbetweenpairs of columns[5]. Various
outputcodedensembleshavebeenproposed,but mostcode
matricesthat have beeninvestigatedpreviously arebinary
andproblem-independent,that is pre-designed.Exhaustive
codeswereproposedwhennumberof classesis between3
and7, columnselectionfrom exhaustive codeswhennum-
ber is between8 and11 andrandomisedhill climbing and
Bose,Ray-Chaudhuri& Hocquenhem(BCH Code)when
therearemorethan11 classes[5]. Randomcodeswerein-
vestigatedin [12] for combiningBoostingwith ECOC,and
it wasshown thata randomcodewith a nearequalcolumn
split of labelswastheoreticallybetter. Randomcodeswere
alsoshown in [8] to give Bayesianperformanceif pairsof
codewordsareequidistant.In [14] a randomassignmentof
classto codeword wassuggestedin orderto reducesensi-
tivity to codeword selection.

Overall thereis little evidencethatany particularbinary
problem-independentcodeis superior, and randomcodes
appearto perform as well as othersproviding

�
is large

enough.Recentdevelopmentsincludeproposalof a three-
valuedcode[1] which allows specifiedclassesto beomit-
tedfrom considerationand[3] in whichproblem-dependent

discreteandcontinuouscodesareinvestigated.
Attemptshavebeenmadeto developtheoriesfor ensem-

ble classifiers. The margin conceptis useful for finding
boundson generalisationerror[1]. In [10] a modifieddefi-
nition for biasandvariancefrom regressiontheorywaspro-
posedandit wasshown that ECOCreducesboth variance
andbias accordingto their definition. However, different
definitionsfor biasandvariancewith 0-1 lossfunctionhave
beensuggested,andtherearerecognisedshortcomingswith
theapproach[7].

3. Experiments

3.1. Pruning Techniques

Decisiontreepruningis a processin which oneor more
subtreesof a decisiontreeareremovedto reduceits com-
plexity andmake it morecomprehensible.Therearediffer-
ent typesof pruningbut post-pruningis moreusual. The
disadvantageof pre-pruningis that treegrowth canbepre-
maturelystopped,sinceit is basedon a difficult estimation
of when to stopconstructingthe tree. A way aroundthis
problemis to usea post-pruningmethodsincethenthefull
tree is grown beforebeing retro-spectively pruned. Post-
pruningmethodsremove oneor moresubtreesandreplace
themby a leaf or a branch. Oneclassof thesealgorithms
dividesthetrainingsetinto agrowing setandapruningset,
which is usedto selectthe besttree. In the caseof short-
ageof training set cross-validationcanbe used. Another
classof post-pruningalgorithmusesall the trainingsetfor
bothgrowing andpruning. However it is thennecessaryto
definean estimateof the true error rateusingthe training
setalone. In this study, the comparisonis limited to post-
pruningmethodsandthey arebriefly discussedin this sec-
tion, moredetailsandequationsfor pruningcriteria avail-
ablein [6, 13]. Thedistinctionbetweenthework described
hereandthatin [6] is thatpruningmethodsarecomparedin
thecontext of treeensemblesratherthansingletrees.

EBP wasdevelopedfor usewith C4.5andusespredic-
tion of errorrate(earlierversionknown asPessimisticError
Pruning)[11]. Theassumptionis thattheerrorin thesetof
patternscoveredby aleafof atreefollowsabinomialdistri-
bution. Theupperlimit of confidenceof theprobabilityof
mis-classificationcanthenbe calculatedfrom an assumed
confidencelevel (default 25%). The predictederror rate
comesfrom multiplying the upperlimit of confidenceby
thenumberof patternscoveredby theleaf. If thenumberof
predictederrorsis lessthanthat for the subtreecontaining
theleaf, thenthesubtreeis replacedwith theleaf.

MEP wasfirst introducedusingLaplaceprobability es-
timates,and later modified to what was referredto as m-
probability estimation. Theparameter< is variedin anat-
temptto matchdegreeof treepruningto propertiesof the



learningdomainsuchasnoise. To prunea treeat a node,
theexpectederrorratesof its childrenarefirst determined,
andthis is calledstaticerror. Dynamicerror, definedasthe
weightedsumof thestaticerrorof its children,is thencal-
culatedandif staticerror is greaterthandynamicerror the
nodeis replacedby theleaf.

REPrequiresaseparatepruningset,andsimply replaces
eachnon-leafnodeby thebestpossiblebranchwith respect
to error rate over the pruning set. Branchpruning is re-
peateduntil thereis anincreasein thepruningseterrorrate.
The procedureis guaranteedto find the smallest,mostac-
curatesubtreewith respectto thepruningset.

CVPoperateswith avarietyof nodeselectionmeasures.
The ideais to seta threshold,thecritical value, which de-
finesthelevelatwhichpruningtakesplace.A non-leafnode
is only prunedif the associatedselectionmeasuresfor the
nodeandall its childrendo not exceedthe critical value.
The full treeis prunedfor increasingcritical valuesgiving
asequenceof trees,andthenthebesttreeis selectedon the
basisof predictive ability. A numberof suggestionswere
madefor finding thebesttreein thesequence,theobvious
onebeingto usea separatepruningsetasin REP.

CCP producesa sequenceof trees by pruning those
branchesthatgivelowestincreasein errorrateperleafover
the training set. The error ratecalculationis basedon the
numberof training patterns,the numberof leaves in the
subtreeand the additionalnumberof misclassifiedexam-
pleswhenthe leaf is removed. In order to selectthe best
treein thesequence,eithercross-validationon thetraining
setor a separatepruningsetis employed.Theselectedtree
is eitherthesmallesttreewith errorratelessthanminimum
observederrorrate(CCP0)or lessthanminimumobserved
errorrateplusonestandarderror(CCP1).

3.2. Results

Datasetsfrom UCI are usedin theseexperimentsand
have beenrandomlysplit into training set (70%) and test
set (30%). The numbersof patterns,classesand features
areshown in table1. We have usedC4.5asbaseclassifier
with six methodsof pruninggiven in Section3.1, plus the
unpruned(UNP) case.To generatetheECOCcodematrix
with 31 columns(

� �>=
� ) we have usedexhaustive and
BCH codesasexplainedin Section2.

For datasetsdescribedin table1, table2 showsthemean
testerrorovertenindependentrunsnormalisedwith respect
to theminimumtesterrorover all pruningmethodsfor the
specifieddataset.Eacherror ratehasbeendivided by the
respective minimumerror rateso that themeaneffect over
all datasetscanbeassessed.Theminimumtesterrors(%)
for thedatasetsareasfollows Anneal/7.5,Audiology/31.3,
Car/13.0,Dermatology/3.8,Glass/26.9,Iris/5.1,Letter/9.9,
Segmentation/2.1,Soybean-large/11.3,Vehicle/28.4.Also

shown in table2,afterthenormalisederrorfor eachpruning
method,is thenumberof timesthat thepruningmethodis
significantlydifferent(McNemar’s test5%) from UNP.

In table2, themeannormalisederror(lastrow) over the
ten datasetsshows that MEP on averagehashigher error
andUNP haslower error comparedwith all otherpruning
methods.However for MEP we usedthe default valueof
<?�A@ andit is likely thattheerrorwould improveif < was
allowed to vary. Thereis little differencein themeannor-
malisederror andmeannumberof significantdifferences
for EBP, CVP, REP, CCP0,CCP1. We canseethat UNP
performsbestfor fivedatasets,EBPfor 3 datasetsandCVP
andCCP0for onedataset.IgnoringUNP, EBPoutperforms
otherpruningmethodsfor sevendatasets(Glass,Iris, Ve-
hicle, Car, Letter, Dermatology, Segmentation),CCP0for
two datasets(Soybean-large,audiology)andCVP for one
(audiology).

Overall it appearsthat if a singleproblem-independent
strategy is to beselectedthenUNP is likely to give lowest
error rate. If pruningis requiredto simplify theensemble,
any oneof EBP, CVP, REP, CCP0,CCP1shouldgivesimi-
lar errorrate.However, sinceEBPperformsbetteronseven
out of tendatasetsit maybethatproblem-dependentprun-
ing shouldbeconsidered.Fromtable2 andfrom specifica-
tion of datasetstable1 we canseethatEBPperformswell
with thosedatasetsthathave only continuousfeatures.For
example,if EBPwasselectedfor datasetswith no discrete
features(glass,iris, letter, segmentation,vehicle)andUNP
wasselectedfor theotherdatasetsthemeannormaliseder-
ror over ten datasetswould be 1.025. This suggeststhat a
largerstudyshouldbecarriedout to testthehypothesisthat
problem-dependentpruningis worthwhile.

4. Conclusion

In thispaperwehavecomparedsix pruningstrategiesfor
anoutputcodedensemblemethodthatuseserror-correcting
codes.For thetendatasetstested,it is shown thatit is better
notto pruneratherthanselectasingleproblem-independent
pruningstrategy for all datasets.However therewaswas
someevidencethat problem-dependentpruning might be
beneficial.
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