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Abstract

Output Codingis a methodof corverting a multiclass
probleminto several binary subpoblemsand givesan en-
sembleof binary classifies. Like otherensemblenethods,
its performancedependson the accuracy and diversity of
baseclassifies. If a decisiontreeis chosenasbaseclassi-
fier, theissueof treepruningneedgo be addressedIn this
paperweinvestigateheeffectof sixmethodsf pruningon
ensemble®f treesgenemted by Error-Correcting Output
Code(ECOC).Our resultsshowthat Error-BasedPruning
outperformson mostdatasetsbut it is better not to prune
thanto selecta singlepruning strategy for all datasets.

1. Introduction

In the outputcodingmethodof learning,several binary
classifiersaretrainedon two classsub-problemsndtheir
outputsarecombinedto solve the original multiclassprob-
lem. To decompose k classproblemthesemethodsuse
ak x B binary (typically 0-1) codematrix whereB is the
numberof binaryclassifiersOne-PetClassandDistributed
OutputCode[5] are examplesof this kind of decomposi-
tion technique. In One-PerClassa k-dimensionalbinary
target vectorrepresent®achone of £ classeaisinga sin-
gle binary value at the correspondingposition, for exam-
ple [0,...0,1,0,...0]. Thisleadsto a codematrix that has
1's alongthe diagonaland O elsavhere. Distributed Out-
put Codeis differentin thatthe k rows are binary strings
thatareassignean the basisof meaningfulfeaturescorre-
spondingto eachbit position. For this to provide a suitable
decompositiorsomedomainknowledgeis requiredso that
eachclassifieroutputcanbeinterpretedasabinaryfeature.
The stringsare treatedas codewords, onefor eachclass,
anda testpatternis assignedo the classcorrespondindgo
the closestcodeword.

Error-CorrectingOutputCode(ECOC)usesa methodof
assigningsimilar to Distributed Output Codebut the code

matrix is problem-independentThe motivation for using
anerrorcorrectingcodecomesrom theassumptiorthatthe
learningtaskcanbemodelledasacommunicatiorproblem,
in which classinformationis transmittecbverachanne[5].
In this model,errorsintroducedinto the processarisefrom
varioussourcesincluding the learningalgorithm, features
andfinite training sample. From the transmissiorchannel
viewpoint, it is expectedhatOne-PeiClassandDistributed
Output Coding matriceswould not performaswell asthe
ECOCmatrix, becausef inferior error-correctingcapabil-
ity. The outputcoding concepthasbeensuccessfullyap-
plied to problemsin several domainssuchascloud classi-
fication, text classificationfext to speectandfacerecogni-
tion [9]. It hasalso beenshavn to improve performance
with different kinds of baseclassifierincluding decision
tree,multi-layerperceptronSVM andk-nearest-neighbour

If a decisiontreeis chosenas baseclassifier the issue
of tree pruning needsto be addressed.In the past, effort
hasbeendirectedtoward developingeffective tree pruning
methods(for a review see[6]) in the context of a single
tree. The goal of singletreepruningin anensemblds to
producea simplertreebaseclassifiewhich givesimproved
ensembleperformance. The methodsusedin this study
are Error-basedPruning (EBP), Minimum Error Pruning
(MEP), Reduced-ErroPruning(REP),Critical ValuePrun-
ing (CVP) andCost-Complgity Pruning(CCP).It is worth
noting thattreepruningis anartratherthana science.For
exampleconsiderEBR, which is the default pruning strat-
egy for C4.5,in which the authoremphasisests heuristic
natureby noting thatthe reasoningoehindit (Section3.1)
shouldbetakenwith a”grain of salt” [11].

In [5] ECOCwith C4.5shavedno significantdifference
on prunedversusunprunedon six out of eight datasets.
Therehave alsobeensomerecentstudiesof pruningwith
ensemblesisingC4.5for Bagging,Boosting[13] andran-
domisation[4]. In [4] overthirty-threedatasetssignificant
differencedueto pruning (EBP confidencdevel 10%)was
obseredin tendataset$or bothC4.5andrandomised4.5,
in four datasetdor BaggedC4.5andin nonefor Boosted



C4.5. In [13], five pruning methodswere comparedand
EBP performedbestfor both Baggingand Boosting. The
empiricalcomparisorof ensemblelassifieran [2] did not
useC4.5, but did comparesize of baggedprunedand un-
prunedtrees.andconcludedhatpruningreducediaswhile
increasingvariance.

2. Output Coded Ensembles

The binary ¥ x B outputcoding matrix C' definesthe
problemdecompositionA trainingpatternwith targetclass
w; (¢ = 1...k) isre-labelledeitherasclass(2; or asclass(2,
dependingon the valueof C;;. Oneway of looking at this
re-labellingis to considetthatfor eachcolumnthek classes
arearrangednto two superclasseq); and2,. A pattern
is presentedo the B trainedbinary classifiersandthereby
mappednto vectory = [y1,¥2,...yn], in which y; is the
real-valuedoutputof jth baseclassifier The outputvector
representsuperclassprobabilitiesanda patternis assigned
to the classcorrespondingo the closestrow (codeword)
in C. HammingDistancewas originally chosento mea-
sureclosenesssincethecodewasbasednerrorcorrecting
principles. However whenit was showvn that the method
producedgood probability estimateghe decisionstratey
wasmodifiedto the L} normor Minkowski distancegiven

b
by L} = ¥ |Ci; — y;|. Thedecisionstrateyy assignlass
j=1

w; accordingto ArgMin;(L}).

When the ECOC techniquewas developedit was be-
lievedthatthe codematrix shouldbe choserto satisfycer
tain propertiesjncluding high HammingDistancebetween
pairs of rows and betweenpairs of columns[5]. Various
outputcodedensemblesare beenproposedbut mostcode
matricesthat have beeninvestigatedoreviously are binary
andproblem-independenthatis pre-designedExhaustve
codeswereproposedvhennumberof classess between3
and7, columnselectionfrom exhaustve codeswhennum-
beris between8 and11 andrandomisedhill climbing and
Bose, Ray-Chaudhur& Hocquenhem(BCH Code)when
therearemorethan11 classe$5]. Randomcodeswerein-
vestigatedn [12] for combiningBoostingwith ECOC,and
it wasshavn thatarandomcodewith a nearequalcolumn
split of labelswastheoreticallybetter Randomcodeswere
alsoshawn in [8] to give Bayesianperformancef pairsof
codewordsareequidistantin [14] arandomassignmenof
classto codevord was suggestedn orderto reducesensi-
tivity to codeword selection.

Overallthereis little evidencethatary particularbinary
problem-independertodeis superior and randomcodes
appearto performaswell as othersproviding B is large
enough.Recentdevelopmentdnclude proposalof a three-
valuedcode[1] which allows specifiedclassego be omit-
tedfrom consideratiorand[3] in which problem-dependent

discreteandcontinuouscodesareinvestigated.

Attemptshave beenmadeto developtheoriesor ensem-
ble classifiers. The margin conceptis useful for finding
boundson generalisatiorerror[1]. In [10] a modifieddefi-
nition for biasandvariancefrom regressiortheorywaspro-
posedandit wasshovn that ECOCreduceshoth variance
and bias accordingto their definition. However, different
definitionsfor biasandvariancewith 0-1lossfunctionhave
beensuggestedandtherearerecogniseghortcomingsvith
theapproach7].

3. Experiments
3.1. Pruning Techniques

Decisiontreepruningis a processn which oneor more
subtreesf a decisiontree areremoved to reduceits com-
plexity andmalke it morecomprehensibleTherearediffer-
ent typesof pruning but post-pruningis moreusual. The
disadwantageof pre-pruningis thattreegrowth canbe pre-
maturelystoppedsinceit is basedon a difficult estimation
of whento stop constructingthe tree. A way aroundthis
problemis to usea post-pruningnethodsincethenthefull
treeis grown beforebeing retro-spectiely pruned. Post-
pruningmethodsremove oneor moresubtreesandreplace
themby a leaf or a branch. Oneclassof thesealgorithms
dividesthetrainingsetinto agrowing setanda pruningset,
which is usedto selectthe besttree. In the caseof short-
ageof training setcross-alidation can be used. Another
classof post-pruningalgorithmusesall the training setfor
bothgrowing andpruning. However it is thennecessaryo
definean estimateof the true error rate usingthe training
setalone. In this study the comparisoris limited to post-
pruningmethodsandthey arebriefly discussedn this sec-
tion, more detailsand equationgfor pruningcriteria avail-
ablein [6, 13]. Thedistinctionbetweerthework described
hereandthatin [6] is thatpruningmethodsarecomparedn
the context of treeensemblegatherthansingletrees.

EBP wasdevelopedfor usewith C4.5andusespredic-
tion of errorrate(earlierversionknown asPessimistic&rror
Pruning)[11]. Theassumptions thattheerrorin the setof
patterncoveredby aleafof atreefollowsabinomialdistri-
bution. The upperlimit of confidenceof the probability of
mis-classificatiorcanthen be calculatedfrom an assumed
confidencelevel (default 25%). The predictederror rate
comesfrom multiplying the upperlimit of confidenceby
thenumberof patternscoveredby theleaf. If thenumberof
predictederrorsis lessthanthatfor the subtreecontaining
theleaf, thenthe subtreds replacedwith theleaf.

MEP wasfirst introducedusing Laplaceprobability es-
timates,and later modified to what was referredto as m-
probability estimation The parametern is variedin anat-
temptto matchdegreeof tree pruningto propertiesof the



learningdomainsuchasnoise. To prunea treeat a node,
the expectederrorratesof its childrenarefirst determined,
andthisis calledstaticerror. Dynamicerror, definedasthe
weightedsumof the staticerror of its children,is thencal-
culatedandif staticerroris greaterthandynamicerrorthe
nodeis replacedby theleaf.
REPrequiresaseparateruningset,andsimply replaces
eachnon-leafnodeby the bestpossiblebranchwith respect
to error rate over the pruning set. Branchpruningis re-
peateduntil thereis anincreasen thepruningseterrorrate.
The procedurds guaranteedo find the smallestmostac-
curatesubtreewith respecto the pruningset.

CVP operatesvith avariety of nodeselectionrmeasures.

Theideais to seta threshold the critical value which de-
finesthelevel atwhich pruningtakesplace.A non-leafnode
is only prunedif the associatedelectionmeasuregor the
nodeandall its childrendo not exceedthe critical value
Thefull treeis prunedfor increasingcritical valuesgiving
asequencef trees,andthenthebesttreeis selectedn the
basisof predictive ability. A numberof suggestionsvere
madefor finding the besttreein the sequencethe obvious
onebeingto usea separat@runingsetasin RER

CCP producesa sequenceof treesby pruning those
brancheshatgive lowestincreasen errorrateperleaf over
the training set. The error rate calculationis basedon the
numberof training patterns,the numberof leavesin the
subtreeand the additionalnumberof misclassifiedexam-
pleswhenthe leaf is removed. In orderto selectthe best
treein the sequencegithercross-alidationon the training
setor a separat@runingsetis employed. The selectedree
is eitherthesmallestreewith errorratelessthanminimum
obsenederrorrate(CCPO)or lessthanminimum obsened
errorrateplusonestandarcerror(CCP1).

3.2. Results

Datasetsrom UCI are usedin theseexperimentsand
have beenrandomly split into training set (70%) and test
set(30%). The numbersof patterns,classesand features
areshowvn in table 1. We have usedC4.5asbaseclassifier
with six methodsof pruninggivenin Section3.1, plusthe
unprunedUNP) case.To generatehe ECOC codematrix
with 31 columns(B = 31) we have usedexhaustie and
BCH codesasexplainedin Section2.

For datasetslescribedn tablel, table2 shavsthemean
testerrorovertenindependentunsnormalisedvith respect
to the minimumtesterror over all pruningmethodsor the
specifieddataset.Eacherror rate hasbeendivided by the
respectie minimum error rateso thatthe meaneffect over
all datasetsanbe assessedThe minimumtesterrors(%)
for the datasetareasfollows Anneal/7.5 Audiology/31.3,
Car/13.0,Dermatology/3.8Glass/26.9]ris/5.1, Letter/9.9,
Sgymentation/2.1Soybean-lage/11.3,Vehicle/28.4. Also

shavnin table2, afterthenormalisecerrorfor eachpruning
method,is the numberof timesthatthe pruningmethodis
significantlydifferent(McNemarstest5%) from UNP.

In table2, the meannormalisederror (lastrow) overthe
ten datasetshows that MEP on averagehashigher error
and UNP haslower error comparedwith all otherpruning
methods. However for MEP we usedthe default value of
m = 2 andit is likely thattheerrorwouldimproveif m was
allowedto vary. Thereis little differencein the meannor-
malisederror and meannumberof significantdifferences
for EBR, CVP, RER CCPO0,CCP1. We canseethat UNP
performsbestfor five datasetsEBPfor 3 datasetandCVP
andCCPOfor onedatasetlgnoringUNP, EBP outperforms
otherpruningmethodsfor seren datasets(Glass,lris, Ve-
hicle, Car, Letter, Dermatology Segmentation),CCPOfor
two datasets(Soybean-lage,audiology)and CVP for one
(audiology).

Overall it appearghatif a single problem-independent
strateyy is to be selectedhenUNP is likely to give lowest
errorrate. If pruningis requiredto simplify the ensemble,
ary oneof EBP, CVP, RER CCP0,CCP1shouldgive simi-
lar errorrate.However, sinceEBP performsbetteron sesen
out of tendatasetst may be that problem-dependengrun-
ing shouldbe consideredFromtable2 andfrom specifica-
tion of dataset$able1 we canseethat EBP performswell
with thosedatasetshat have only continuoudeatures.For
example,if EBP wasselectedor datasetsvith no discrete
featureqglass,iris, letter, sgmentationyehicle)andUNP
wasselectedor the otherdatasetshe meannormalisecer-
ror over ten datasetsvould be 1.025. This suggestghat a
largerstudyshouldbe carriedoutto testthe hypothesighat
problem-dependemruningis worthwhile.

4. Conclusion

In this papemwe have comparedix pruningstratejiesfor
anoutputcodedensemblenethodthatuseserrorcorrecting
codes For thetendatasetsestedjt is shovn thatit is better
notto pruneratherthanselectasingleproblem-independent
pruning strateyy for all datasets.However therewaswas
someevidencethat problem-dependerruning might be
beneficial.
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