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ABSTRACT

Advancesin the efficient discovery of frequentitemsetshave led
to the developmentof anumberof schemeshatusefrequentitem-
setsto aid developingaccurateandefficient classifiers.Theseap-
proacheasethe frequentitemsetsto generatea setof composite
featuesthat expandthe dimensionalityof the underlyingdataset.
In this paper we build upon this work and (i) presenta variety
of schemesor compositefeatureselectionthatachieve a substan-
tial reductionin the numberof featureswithout adwerselyaffect-
ing the accurag gains,and(ii) shav (bothanalyticallyandexper
imentally)thatthe compositefeaturescanleadto improved classi-
ficationmodelsevenin the contet of supportvectormachinesijn
whichthedimensionalitycanautomaticallybe expandedby theuse
of appropriat&kernelfunctions.

Categoriesand Subject Descriptors

H.2.8[DatabaseManagemeni: Databas@pplications—bDatamin-
ing; 1.2.6[Artificial Intelligence]: Learning—Conceptearning

General Terms
Algorithms

Keywords

ClassificationSVM, FeatureSelectionConjunctive Attributes As-
sociationRules

1. INTRODUCTION

After theseminabaperby Agrawal et al. [2] onassociatiomules,
thefield of associatingulesandespeciallyits sub-fieldof frequent
itemsetgeneratiorhasseena greatdeal of researchactvity. The
extensive researchin this field hasled to the developmentof effi-
cienttechniquedor generatingstoringandpruningfrequentitem-
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sets[18, 7, 1, 23]. Theseadwancesaccompaniedby growth in the
computingpower hasmadethetaskof frequenttemsetgyeneration
muchmoremanageablehanin the past.

As a result, we have witnessedan increasednterestin devel-
oping schemeghat usefrequentlyoccurringitemsetso aid in the
developmentof accurateandefficient classificatioralgorithms.To
this end, two generalapproache$iave beendeveloped. The first
approachusesthe frequentlyoccurringitemsetsto generatea set
of rules,thatarethenusedto build rule-basectlassifierq11, 10].
The secondapproachfirst expandsthe datases featurespaceby
using the frequentlyoccurringitemsetsto form new dimensions,
andthenusestraditionalalgorithmsto build classificatiormodels
in thatexpandedfeaturespace[9, 24]. Despitethe differencesof
theseapproachesthe commonthemethat underliesthemis that
they usedthefrequentlyoccurringitemsetso generat@ setof com-
positefeatures Theideaof usingcompositefeatureso expandthe
featurespaceis not nev and hasbeenextensiely studiedby the
machinelearningcommunity[17, 26]. Most of theseschemesise
a greedyapproachto find the compositefeatures;hence,they do
notsearchthe entirespaceof all possibleattribute-valueconjuncts.
However, frequentitemset-basedpproachebave theadwantageof
exhaustvely generatingall possiblecompositefeaturespeforese-
lecting which onesto usefor classification. Experimentalresults
presentedn [11, 10, 24, 9] illustratethatthe useof frequentlyoc-
curring itemsetscanleadto measurablémprovementsn classifi-
cationaccurag.

In this paperwe build uponthis work andfurtherinvesticatethe
useof frequentlyoccurringitemsetsascompositdfeaturedor clas-
sification. In particular our researchs focusedin two directions.
First,weinvesticatetheimpactof variousschemesor selectinghe
mostdiscriminatingsetof compositefeaturesandsecondwe in-
vestigatethe extentto which theresultingsetof compositdeatures
canleadto improvedclassificatiormodelsin thecontext of support
vectormachinesin which thedimensionalitycanbe automatically
expandedby the useof appropriatekernelfunctions. Towardsthe
first direction,we presenta variety of schemeghat selecta setof
non-redundandiscriminatorycompositefeaturesandshaw thata
substantiareductionin the numberof featurescan be obtained,
without aderselyaffectingthe accurag gainsachiezed by theuse
of suchcompositdeatures Towardsthesecondirection,we shav
that even thoughhigherorderpolynomialkernelfunctionsdo au-
tomaticallygeneratall possiblecompositefeaturesit is still ben-
eficial to manuallyexpandthe featurespaceby usingthe discrimi-
natoryfrequent-itemsetdiVe prove thata SVM modellearntin the
manuallyexpandedeaturespacewill have alower generalization
errorthanthatbuilt by the correspondindnigherorderpolynomial
kernel, a fact that was experimentallyverified using a setof syn-
theticallygeneratediatasets.



The paperis organizedasfollows, Section2 presentsherelated
researclandSection3 discussetheterminologyusedn this paper
Sectiord explainsin detailthemethodologysedfor classification,
Section5 presents detailedanalysisof our approachspecifically
in context of differentclassifiers Section6 presentghe classifica-
tion results,andfinally Section7 presentshe conclusion.

2. RELATED RESEARCH

Theideaof usingcompositdeatureshasbeenwell studiedin the
field of machinelearningandgoesunderthe nameof constructive
induction Constructivanductionis a procesof creatingnew fea-
tures/attrilutesfrom the task-suppliedattributesandthenbuilding
amodelon boththesenew aswell astasksuppliedattributes[17].
For mostcaseghis approachis diametricallyoppositeof dimen-
sionality reduction;dimensionalityreductiontries to eliminateat-
tributes/featuresvhereasconstructve induction expandsthe fea-
turespacebeforebuilding the classificatiormodel. Therearemary
waysof creatingnew features Zhengetal [26] presents discus-
sion of using conjunctive, disjunctve and x of N features. The
featuresof type x of N werefirst studiedby Murphy etal [15].
Brodley etal [3] considercompositefeatureswhich are modeled
aslinear functions,which operateon differentattribute values. In
this paperwe will belimiting oursehesto the studyof conjunctie
attribute-values,a detaileddiscussioraboutthe advantageof us-
ing conjunctie attributesin context of SVM classifieris presented
in Section5.

It is obvious that expandingthe featurespaceto encompassill
possibleattribute-valueconjuncts/disjuncta/ould make thedataset
too largeandintractableto build a classificatiormodel. Therefore,
themainchallengen thefield of constructivanductionis to intel-
ligently searchthefeaturespaceandselecta smallsetof composite
featuresthat leadsto an improved classifier either by improving
theaccurag or by improving theunderstand-abilityf the classifi-
cationmodel.

Constructiveinduction has beenmainly usedin the conjunc-
tion with two classificatiorschemesdecisiontreesandrule based
systems. This should not be surprisingas using compositefea-
turesleadto substantiallysmallerand more understandabldeci-
siontrees. The methodologyusedin learningdifferentcomposite
featurebaseddecisiontreesis roughly the same[6, 12]. First, a
decisiontreeis built on the task-suppliedattributes,thena candi-
date setof compositeattributes/featuress constructecby taking
conjunctionsand/ordis-junctionsof attributesvaluesalongdiffer-
ent pathsof the decisiontree, from this candidateseta small set
of compositeattributesareretainedwhich arethenincorporatedn
thedatasetndthesefour stepsarerepeatedn aloop. Theprocess
stopswhensuficiently accuratedecisiontreeis built. Thesetech-
niguesmake useof the attributesselectedby the decisiontreeto
restrictthe searchspaceof possiblecompositefeatures.

Compositdeatureshave alsobeenusedin conjunctionwith rule
basedsystems. Zhengetal, [25] presenta modification of the
c4.5rulesscheméo useconjunctions/disjunctionsf attribute val-
ues.In their approacHirst rulesaregeneratedisingthetraditional
c4.5ruleg16] schemethenacandidatesetof conjunctive/disjunctive
featuresare generatedrom theserules, next this candidatesetis
evaluatedto retaina smallsetof compositeattributes.

Liu etal, [11] proposeanovel techniqueor usingattributevalue
conjunctionsFirst,they exhaustvely generatall possibleattribute-
value conjuncts(compositefeaturesyusinga frequentitemsetdis-
covery algorithm,next a pruningschemaes usedto eliminatecom-
posite features/frequenitemsetsthat have supportand/or confi-
dencebelow certainthreshold.This leavesan extremelysmall set
of compositdfeatures Thenconsideringeachcompositefeatureas
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arule,amodifiedversionof sequentiatoveringalgorithmfor rules
isrunonthemto obtainthefinal orderingof rules. Thisschemaewill
be referredas CBA (ClassbasedAssociations).Li etal. [10] ex-
tendthe CBA approachoy usinga modifiedversionof sequential
covering algorithm, wherean exampleis eliminatedonly after it
hascovereda sufficient numberof rules(compositefeatures)this
schemewill bereferredasCMAR (Classificatiorbasedon Multi-
ple AssociationRules).

3. TERMINOLOGY

ThedataseD usedor classificatiorns definedby thetuple (A, C),
whereA = {A1, Ay, Az, ... Ac} aretheattributesdescribingeach

examplein thedataseandC is afinite setof clasdabels{cy, cp, C3, . ..

Eachattribute A; is assumedo have a finite domainof attribute-
valuesthatis know in adwance. Note that this modelcannothan-
dle continuousattributesand they needto be discretizedbefore-
hand[5, 4]. Eachexampleg in the datasetD is representecs
{(A1 = &, Ap = agi, Az = agj, ... Ax = &), G}, whereay;
correspondso theattribute-valuefor attribute A; andg; istheclass
label assignedo the exampleg . From this usersuppliedrepre-
sentationa setof compositefeatureswill be generatedsuchthat
eachcompositefeature Ac represents conjunctionof attribute-
values,Ac = {(A1 = ai1j) A (A3 = agj) A (As = agy)}. For
example, given the datasetshavn in Figure 1, the {Outlook =
sunny A Windy = True} is an exampleof a compositefeature.
Notethata compositdeatureareformedby taking conjunctionsof
attribute-valuepairsandnotjustattributes. The sizeof acomposite
featureis equalto the numberof attribute-\aluepairspresenin the
compositefeature.

An exampleg supportscompositefeature Ac, representeds
Ac € g, if all the attribute-value pairs presentin A¢ are also
preseng . We candefineasimilar relationshipbetweercomposite
attributesthemseles, Ac1 € Aco, if all the attribute- value pairs
presentin Ag1 arealsopresentin Aco. Furthermore,A¢y is re-
ferredasa parentof A, and Ago achild of Acy, if size(Aq) =
size(Ac1) + 1. Sometimesve will alsorefer Aco asanextension
of A¢1. For the exampleshawn in Figure 1 the compositefeature
{Outlook = sunny A Windy = True} is presenin examples{1,
4,5 and8}. To furthersimplify this representatiome canassigna
uniqueintegerto all the uniqueattribute-valuepairsaswell asthe
compositefeaturesselected.

4. CLASSIFICATION METHODOLOGY

Our methodologyfor building a classifierusingcompositefea-
turesis dividedinto threesubtasks:

1. Generatingll thecompositdeaturesabove asupporthresh-
old.

2. Pruningthis setto obtaina smallersetof compositefeatures.

3. Transformingthe usersupplieddatato incorporatethesese-
lected compositefeaturesand learning a classifieron this
transformediataset.

Thesethreesubtasksareshowvn in Figurel.

4.1 Generating CompositeFeatures

This s thefirst sub-taskin our classificatiorprocedureherewe
generatasetof candidateeompositfeatures For this sub-taskve
first transformthe datasesothateachexampleis representedsa
setof integers,asdescribedn Section3. We thenrun a generic
frequentitemsetdiscovery algorithmonthis dataseassumingeach
exampleasa transactionand eachattribute-valuein the example
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EID | Outlook [ Humidity | Windy | Class

1 Sunny Low True Play

2 Rain High True Play

3 [ Overcast | Low True No Play
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EID [ Outlook | Humidity [ Windy | CID=1 | CID=4 | CID=7 | Class
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2 Rain High True False [False [False | Play
3 Overcast | Low True False |False |False | No Play
4 Sunny Low True True False |True Play
5 Sunny High True False [False |False | No Play
6 Rain High True False [False |False | No Play
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8 Sunny Low True True False |True Play
9 Overcast | High False |False [True [False |Play
10 | Rain High False |False [True [False | Play
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Figure 1: Various sub-tasksof our classificationprocedure asdefined Section4

asanitem TheFrequenttemsetDiscovery Algorithm, henceforth
referredasFIDA, returnsa list of itemsetswhich occurfrequently
in the dataset. Eachitemsetrepresentsa compositefeaturethat
is a conjunctionof all the attribute-values(item9 makingup that
itemset.In our procedureve useLPMiner[18] asour FIDA.

The notion of frequent i.e, what compositefeatureis consid-
eredasfrequentis controlledby a userdefinedparameteto the
FIDA calledsupportthreshold All the compositefeatures(item-
sets)generatedy FIDA have a supportabove the supportthresh-
old. Supportfor a compositefeatureis definedasthe ratio of the
numberof exampleswhich containthe compositefeatureto the to-
tal numberof examplesin the dataset.Using a supportthreshold
insteadof exhaustiely generatingcompositefeaturesensureghat
the discoreredcompositefeaturesare statisticallysignificant. The
exactvalueof supportthresholdis usuallydatasetiependenandis
suppliedby theuser

Becausehe differentclassesanbe of differentsize,caremust
be taken to ensurethat the compositefeaturesproperly cover all
classes For this reasonwe first partition the completedataseus-
ing the classlabel of the examplesinto specificclassdatasets We
thenrun FIDA on eachof theseclassdatasets This partitioning
ensureghatsuficient compositefeaturesare discoveredfor those
classlabelswhich occurrarely in the dataset.Next, we combine
compositefeaturegdiscoreredfrom eachof the classdatasets Af-
ter this stepeachcompositefeaturehasa vectorthat containsthe
frequeng with which it occursin eachclass. Also, to facilitate
the efficient executionof the variouscompositefeatureselection
schemewhich will be describedn the next section,we storethe
compositefeaturesinto a lattice format. Every compositefeature
hasits child nodesthosecompositefeatureswhich canbe formed
by extendingit by oneattribute-wvaluepair. The lattice representa-
tion makesthetaskof featureselectionextremelyefficient.

4.2 SelectingCompositeFeatures

In this sub-taskwve selecta smallsetof compositefeaturedrom
thosegeneratedy the FIDA. Thereare two motivationsbehind
featureselection:First, the generatedompositefeaturescontaina
lot of noiseandredundanyg thatif eliminatedwill resultin abetter
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classifier Secondthe numberof compositefeaturesyeneratedy

FIDA is quitelargeandcanaffectthetime neededo build theclas-

sificationmodel. Our approactfor featureselectionis performed
in two stepsthefirst stepeliminatesredundantompositefeatures
andthesecondstepselectghe mostdiscriminatorycompositefea-

tures.

4.2.1 DuplicateElimination

This selectionprocedurds basedon the obsenationthatalarge
numberof the compositefeaturesdiscoveredby FIDA areredun-
dantasthey provide identicalinformation. As a result, thesere-
dundanfeaturesanbesafelyremovedwithout affectingtheaccu-
ragy of the classifier Two compositefeaturesare saidto provide
identicalinformationif thesetof supportingexamplesof thesetwo
compositefeaturess identical,closedfrequenttemset22].

Thelatticerepresentationf thecompositdeatureobtainedrom
the FIDA malesthetaskof identifying duplicatesextremelyeasy
For every nodein the lattice we compardts classdistribution with
its childrennodes(single attribute-value extension),andwe elim-
inate the child-nodeif the frequeng distribution is identical. It
shouldbenotedthatthe setof supportingransactiongor anexten-
sionis a subsetof supportingtransactiorfor a compositefeature,
this is by the subsumingproperty of the frequentitemsets. Sec-
ondly, we alwayseliminatethelongerof thetwo compositdeatures
to ensurahatthe selectedeaturegeneralizebetter

4.2.2 SelectingDiscriminatoryCompositd~eatuie

A compositefeatureis consideredliscriminatoryfor a particular
classif its presencer absencén anexamplecanhelpin inferring
the classlabel of thatexample. Therearemary metricsthateval-
uatethe discriminatoryability of a feature,andin our algorithm
we have experimentedwith two suchmetrics,confidencq2] and
j-measue[19]. Both of thesemeasuresvaluatethediscriminatory
ability of acompositeeaturewith respecto aparticularclasdabel.
Theconfidenceof aparticularcompositdeatureA¢ with respecto
classc; is

P(Ac, G)

confidence(Ac, ¢j) = W



whereP (Ac, ¢j) is the probability of observinghe compositefea-
ture A¢ andthe classlabelc; togetherin the datasend P(Ac) is
the probability of finding compositefeature A¢ in the dataset.On
theotherhand,thej-measue of Ac with respecto classg; is

j-measue(Ac, ¢) = P(Ci\Ac)|09(7P§i((|:_A;C))+
(|
1-PGilA)

(1*P(Ci|Ac))|09( 1-P@)
- 1

whereP (¢ | Ac) istheconditionalprobabilityof observingheclass
¢ giventhatcompositefeatureAc is presentn theexample.Com-
paringthesetwo metricswe canseethat (i) the confidencemetric
takesinto accountonly the presenceof a compositefeaturein an
example,whereasthe j-measue considersboth the presenceand
absencef a compositefeature;(ii) both of themcanbe computed
directly from theclassdistribution of acompositefeature.

Both of thesemetrics computethe discriminatoryability of a
compositefeaturewith respectto a class-labeland not the com-
positefeatureasa whole. The next stepis to usethesemetricsto
selecta small setof compositefeatures.The procedureusedhere
is similar to the one usedfor duplicateelimination. We compare
eachcompositefeature(Ac) with all of its parenty(Acp) usingthe
discriminatorymetric, and decideif thatcompositefeaturehasto
be selectedor eliminated. Therearefour possiblewaysin which
this selectioncan be done dependingon the way we comparea
compositefeatureand its parents. Assumingthat D(Ac, ¢;) is a
discriminatoryfunction, eitherconfidencer j-measue, and Acp is
theparentof Ac, we canhave:

Select(Ac), if Yo D(Ac, ¢) > max(D(Acp,G)) (1)
¥Acp

Select(Ac), if V¢ D(Ac, G) > min(D(Acp.G))  (2)
¥Acp

Select(Ac), if 3¢ D(Ac, G) >5nAsz(D(Acp,Ci)) (3)
P

Select (Ac), 4)

if 3¢; D(Ac, G in(D(A i
if 3¢ D( C’CI)>\5nAICr:,( (Acp, Gi))

Let usconsidettheright handsideof theequationsif we usethe
maxfunctionfor selectingthe compositefeature it meanghatthe
compositefeaturewill be selectednly if its discriminatoryability
is greatetthanall of its parents Onthe otherhand,if theminfunc-
tion is used,thena compositefeatureis selectedf it is moredis-
criminatorythanatleastoneof its parents The maxfunctionleads
to anextremelyselectve schemeascomparedo the minfunction.
Theleft handsideconsidersheclasdabelsonwhichthemetriccan
be computedthe conditionV ¢; impliesthatthe compositefeature
hasto be morediscriminatoryw.r.t. all the classesn orderfor it to
be selectedwhereaghe condition3 ¢; impliesthatthe composite
featurehasto betteron arny oneof the classlabels. The condition
V¢; cannever betrueif we usethe confidencemetric; becausehe
sumof confidencdor differentclasslabelsis equalto 1.0.

In ourschemave usethe Equation3, i.e., amaxfunctionandwe
selectacompositdeatureif it is morediscriminatoryonary oneof
theclasslabels.Therearetwo advantage®f this schemeFirst, the
computatioris extremelyefficient asit canbedonein conjunction
with duplicateelimination. Secondwe do not needary additional
parameterérom the userto carryoutthis schemesincewe always
comparea compositefeaturewith its parent.
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4.3 Building the classificationmodel

Oncewe obtainthe setof compositefeatureswe transformthe
input datasetinto this expandedfeaturespace,eachinput exam-
pleis representedsa booleanvectorhaving sizeequalto thetotal
numberof selectedcompositefeatures. Eachelementin the vec-
tor correspondso a compositefeatureandits valueis setto true
if thatcompositefeatureis presentin the example,andfalseoth-
erwise. Thesebooleanvectorsarethengivento the classifierfor
building the classificatiormodel. We useSupportVectorMachines
SVM [20] asour classifier;however, theclassifierequirementsire
quite genericandary classifierthat canhandlebooleanvectorsas
inputcanbeused.

We also use supportvector machinesto directly classify UCI
datasetsi.e., without generatingcompositefeatures.All continu-
ousattributesin the UCI datasetsrefirst discretized. Theneach
exampleis represente@sa booleanvectorwith sizeequalto the
maximumnumberof attribute-values.As beforeanelementin the
booleanvectoris setto true,if theinputexamplecontainghecorre-
spondingattribute-valueandfalseother After obtainingaboolean
vectorrepresentatiofor eachexampletheclassificatiorprocedure
is identicalto the onedescribeckarlier

5. ANALYSIS OF PROPOSEDAPPROACH

In this sectionwe will discussthe advantagesf the proposed
approaclof creatingandselectingcompositdeaturesn thecontext
of SupportVector Machine(SVM)classifiers[20]. Before going
into thediscussiorwe describeourterminologyandbriefly explain
theworking of the SVM classifier{21].

We assumethat we are given | datapointsx; € R" labeled
y € £1drawni.i.d. from a probability distribution P(x, y). Sup-
port vectormachinesmapeachexamplex € R" into a higherdi-
mensionalspace possiblyinfinite, and constructa separatingy-
perplandn thatspacetheseparatindyperplaneactsasaclassifier
Themappingof thisinputspaceR" to higherdimensionabpaceH
is representetly x — @(x), wheredifferentmappingdeadto dif-
ferentSVM classifiers. One of the principle advantagesf SVM
is that eventhoughthe learningis donein the higherorderspace
individual examplesneednot be transformednto this higherorder
spaceandonly akernelfunctionK (x, z) needso bedefined.The
kernelfunctionessentiall}computeghe similarity betweerx andz
in higherorderspace For examplealinearkernelfunctionK (x, z)
is definedastheinnerproductbetweerntwo examplesx andz. The
classificationof an examplex involvescomputingthe distanceof
the exampleto the hyperplanen H andassigningt theclasslabel
dependingon which side of the hyperplanethe examplelies. The
classificatiorfunctionis representeds,

fOO=w-®0)+b=> iyiKx,x) +b,
i

®)

where,w is thevectordefiningthehyperplandn the higherdimen-
sionalspaceH, «; aretheweightsassignedo theinputexamplex;
thathasa classlabel of y;. Thelearningprocessnvolveslearning
thevaluesfor «j andb. The examplesthat have a non-zerovalue
for a arecalledsupportvectorsof thatmodel.

SinceSVM allows us to operatein higherdimensionalspaces
oneof the first questiongo askis, if it is possibleto constructa
kernelfunctionthatoperatesn aspaceepresentelly theconjuncts
of all theattributes.Theanswelto thatquestionis yes,polynomial
kernelrepresenteds

K(x,z):(<x-z>+c)d



operatesn afeaturespaceconsistingof all possibleconjunctsstart-
ing from order1 all theway to orderd.

Thus,it would appeatthatexhaustvely generatingeaturesout-
sidetheclassifieris awastedeffort andthe samerepresentationan
be achieved, potentiallyin anefficient way, by usinga polynomial
kernelof suitabledegree.However, thekey differencebetweerthe
useof higherorderpolynomialkernelfunctionsandour approach
is thatin additionto finding all frequentitemsetsve alsoperforma
featureselectiorstepthateliminatesnostof thenondiscriminatory
conjuncts.Thereforethefeaturespacean which our classifieroper
atesreferredasc, is asubsef{andgenerallysubstantiallysmaller)
thanthefeaturespaceH of the polynomialkernel. In light of that,
the secondguestionto askis whetheror not thereis an adwantage
in learninga modelin C asopposedo learninga modelin . The
answerto this questionis yes, andthe reasonis that even though
amodellearntin C, asmeasuredy the value of the classification
function f (x) for eachexamplex in thetrainingset,canpotentially
belearntin ‘H, thegeneralizatiorerrorof C’s modelwill tendto be
lower comparedo a modeldirectly learntin H. Thesefactsare
discussedn therestof this section.

5.1 Theequivalenceof modelslearnt in higher
order spacex and lower order spacec

We first shav that the model learntin the featurespaceC is
equivalento the modellearntin higherorderspace#. Two mod-
elsaresaidto be equivalentf they leadto identicalclassifications
usingleave oneout estimationschemei.e., the outputfor the clas-
sificationfunctiondefinedin Equation5 is identicalin bothfeature
spaceC and#. This would imply that the leave one out perfor
manceof the classifieris unafectedby operatingin lower dimen-
sionalspaceC.

Let X¢ = [Xc1, Xc2. - - - » X1 ] bethe datasetn spaceC, andlet
X3y = X341, X2, - - -, X341 | bethedatasetn spaceH. Sincethe
spaceC is asubspacef H, we have

whereXp correspondso the conjunctive featuresof all the ex-
amplesthatare pruned. Sincewe arelearninga linear model, the
kernelfunction K (x, 2) is equalto the inner product,< x - z >,
thereforetheclassificatiorfunctiongivenin Equation5 canberep-
resentedn matrix notationfor anexamplex; asfollows,

Xe

XH:[XP

f (i) = Dex{ X¢ + b, (6)
whereDg is equalto [ocq, aco...ac 1 [Y1, Y2. .. y|]T andcor
respondgo the modellearntin featurespaceC. Equation6 canbe
representedh matrix notationfor all the examplesin the dataset
X asfollows (assumindeave oneout estimation):
f(Xe) = DX g Xc + be. @)
Similarly for higherdimensionalspaceH the classificationfunc-
tion canberepresenteds,
-
f(X9) = Dy Xq X9y + by, 8)
whereDy, is themodellearntin thespaceX. Notethatthesizeof
vectorsf (X¢) and f (X4 ) is thesameandis equalto the number

of examplesl. Thereforeif the two modelsareto be equivalent
(in termsof classificationdecisions)then f (X4,) = f(X¢), and
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usingEquation7 andEquation8 it shouldbethat

DeXgXc +be
DeXgXe(X] Xzt
+(be — by (X, X371

Thus,wecanobtainDy, i.e., theweightvectorfagyq, @32 . . . gy ]
makingup the model,from the modelin featurespaceC provided
thattheinitial examplesarelinearindependenti.e., (X,HXH)*l
exists).

Dy X4, X7 + by

Dy

5.2 Advantage of operating in lower dimen-
sional spacec

Eventhoughthehypothesidearntin thelowerdimensionaspace
canbelearntin the higherdimensionakpacethereis still meritin
carryingoutfeaturereductionbecausef thefollowing reason.

It hasbeenshawvn that the boundsfor error, EPerr, in Support
Vectormachiness givenby [21]

wherel is thenumberof examplesn thetrainingset,E is theerror
of theclassifierin thetrainingset, R is theradiusof thespherecon-

tainingall thetransformedxamplesandM is themaximalmawgin

of separationNotethatboth R and M arecomputedon thetrans-
formedspace?, for example,in caseof a polynomialkernelthey

will be calculatedin the expandedfeaturespace. The key aspect
of Equation9 is thatbesideghe obviousparametersf thetraining

setsize andthe error on the training set, the generalizatiorabil-

ity of the modeldependon the ratio R2/M2. By operatingin a

higherdimensionakpaceit is possibleto learna modelthathasa

larger magin thana modellearntin a lower dimensionakpace—
leadingto a smallerR?/M? ratio andthusbettererrorbounds.On

the other hand, as the dimensionalityof the spaceincreasesthe

radiusenclosingtheinstanceswill alsoincreasemakingthe error
boundsworse. Therefore choosingthe featurespaceto operates

atradeoff betweerachiering the maximumseparating\ with the
smallestincreasan theradiusof the spaceR.

Now considetthemodellearntin C andthecorrespondingnodel
in H. Let Rg, and Mg, Ry, My, be the radii and magins of
the two models,respectiely. Since the dimensionalityof H is
much larger thanthat of C, Ry; will be much larger than Rp—
suggestinghatC’s modelwill have alowererrorbound.Of course
this can only happenif the relative reductionin the two radii is
muchgreatertthantherelative reductionof the correspondingnax-
imal mamgins. However, if the featureselectionstepensureghat
only non-discriminatie featuresare eliminatedthenthe maximal
magin Mc will besimilarto My,. Consequentlytheratio R /M2

will be smallerthan RZ, /M2, , leadingto a modelin C with lower
errorbounds.Experimentgresentedn Section6 validatethis ob-
senation.
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6. EXPERIMENT AL EVALUATION

We experimentallyevaluatedthe performanceof the different
compositefeatureselectiontechniquen two classeof datasets.
Thefirst classcontainsdatasetshat were generatedsynthetically
whereaghe secondtype containsdataset®btainedfrom the UCI
datasetepository[13].

Overall, we evaluatedfour differentclassificationschemeghat
usedifferenttechniquedor selectingcompositefeatures. These
schemesre:



ND-NS This methodusesall the compositefeaturesthat satisfy
theminimumsupportconstraintthatis, it doesnoteliminate
redudantompositdeaturesandit doesnot performary dis-
criminatoryfeatureselection.

IC-NS This methodeliminatesthe compositefeaturesthat all of
its subsetshave identical classdistribution, but it doesnot
performary discriminatoryfeatureselection.

IC-Co This methodis similar to IC-NS but alsoeliminatescom-
posite featuresthat have a betterconfidencethanall of its
parentcompositefeatures.

IC-JM This methodis similar to IC-Co but insteadof confidence,
it usesthe j-measue to determinethe discriminatingability
of acompositefeature.

We performedall the experimentsusinga 10 way crossvalida-
tion schemeandcomputedaverageaccurag acrosdifferentruns.
We usedthe SVM implementatiorprovided by the SVMLight [8]
package.Our experiments(not reportedhere) shoved that when
usingalinearkernelfunctionwe tendto obtainbetterresultswhen
theexampleswverenormalizedo correspondo a unitlengthvector
However, whenthe polynomialkernelfunction wasused keeping
the objectsunnormalizedesultedin betterperformance.For this
reasonin all of ourexperimentsye usetheunit-lengthnormaliza-
tion for linearkernelfunctions,andleave theobjectsun-normalized
for polynomialkernelfunctions.

6.1 Evaluation on Synthetic Datasets

To experimentallyvalidatethe analysispresentedn Section5,
we createda seriesof syntheticdatasetsgesignedsothatcompos-
ite featuresareessentiafor the properclassification This allow us
to evaluatetheimpactof usingall compositdeaturesr thefeatures
selectedusingthevariouscompositdeatureselectiorschemespre-
sentedn this paper

6.1.1 SynthetidDatasetCharacteristics

To keepour analysissimple, the syntheticdatasetontainsjust
two classesThe attributesmakingup the datasetreof two kinds,
relevantandirrelevant Therelevantattributesinfluencethe class
label, whereasirrelevant do not, and can be thoughtof asnoise.
For our experimentswe restrictedthe numberof relevantattributes
to threeand varied the numberof irrelevant attributes. The car
dinality (numberof attribute-values)of the relevantandirrelevant
attributesis the same equalto four andeachof the attribute-\value
is equallylikely, i.e., uniform distribution of attribute-\aluesfor all
theattributes.

The classificationfunction, which determineghe classlabel of
anexample wasconstructedgothattheclasslabeldependsnly on
the conjunctsof the relevantattribute-values.Sincetherearethree
relevant attributeseachwith four possibleattribute-values,we can
have 64 possibleconjuncts.These64 conjunctsareequallydivided
into two setswith eachset correspondingo one particularclass
label. Henceboththe classesreequallylikely andaredetermined
by the setin which the conjunctof the relevantattributesbelongs.
Furthermorewe havetakencareto ensureghattheclassdistribution
with respecto singlerelevantattribute-\valueis uniform. In other
wordsthe conditionalprobability of classlabel giventhe value of
singlerelevantattributeis 0.5, whereaghe conditionalprobability
of aclasslabelgivenall threerelevantattribute-\valuesis 1.0.

Thenumberof non-relevantattributescontrolthedimensionality
of the problem. To make the datasetealisticwe alsoaddedsome
noiseto the classificationfunction. The amountof noiseis con-

trolled by a parametecalled R valug R refersto therandomness.
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While assigninghe classlabelto anexamplefor mostof thetime
we usethe classificatiorfunction, however oncein a while we in-
verttheresultof the classificatiorfunction. Specifically if we set
the R valueto be 0.95, thenfor 95% of timeswe will assignthe
classlabelaccordingto the classificatiorfunctionand5% of times
wewill inverttheclasslabel.

This framework allow usto generataifferentdatasetdy vary-
ing the numberof irrelevant attributesand the R value. For our
experimentswe generate®4 datasetsby using {0, 5, 10, 15, 20,
25} asthe possiblevaluesfor the numberof irrelevant attributes,
and{1.0,0.9, 0.8, 0.7} asthe possiblevaluesfor R. For eachof
theseparamateicombinationswe generatech datasetcontaining
5000examples.

6.1.2 EvaluatingPerformanceon Synthetidatasets

Usingthe 24 datasetslescribedn the previous sectionwe eval-
uatedtheclassificatiorperformancef five differentschemeskFour
of theseschemesisethelinearSVM kernelfunctiononthefeature
spacegroducedby the four compositefeatureselectionschemes
(ND-NS,IC-NC, IC-CO, IC-JM), andone schemecorrespondso
athird-orderpolynomialSVM kerneloperatingn theoriginal fea-
ture space. Note that the order of the polynomial kernelwas se-
lectedso thatto matchthe numberof compositefeaturesthat are
requiredto properlyclassifythesedatasetsFor all the composite-
featurebasedtlassificatiorschemeshe maximumsizeof thecom-
positefeatureis restrictedto 3 andthe supportthresholdfor FIDA
is setto 1%. Sincethe sizeof eachdatasets 5000,andeachclass-
defining compositefeatureoccurson the a\/erage5000/43 ~ 78
times,a 1% supportensureghatalmostall class-defininggompos-
ite featuresarebeingdiscovered.

Theaccurag of aclassifieron thetestsetdepend®n two main
factors:first, the quality of the modeli.e., the ability of the model
to capturethe hypothesidn thetrainingset. Secondthe generaliz-
ability of themodelonthetestse{unseerexamples).In anattempt
to decouplethesetwo effects, our evaluationwill be donein two
steps. First, we will comparethe variousmodelson how effec-
tive they arein classifyingthetraining set. Theresultingaccurag,
sometime<alledtheretrainedaccutacy[14] of themodel,canbe
usedto evaluatethe extentto which a classifyis ableto learnarea-
sonablygoodmodelfor thetraining set. Secondwe will compare
how well thesemodelsgeneralizeto unseerncasesby computing
theaccuray they obtainon thetestset.

6.1.2.1 Training SetPerformance.

Table 1 displaysthe accuaryg of the differentclassifierson the
training set. The accuracie®f SVM with polynomialkernelPoly,
andthe two compositefeatureselectionschemedND-NSandIC-
NC, arewithin 1% of eachother However, theaccurag for IC-CO
andIC-JM arein generalbetter(andin somecaseshy a signifi-
cantamount)thanthe accuracie®f the otherschemesThis result
may be surprisingat first, becausehe featurespacethat IC-CO
andIC-JM operateis in generala subsetof the featurespaceof
the otherschemesandasthe analysisin Section5.1 shoved, the
modellearntin the spacewith fewer featurescanalsobelearntin
a supesetfeaturespace.However, the SVM formulationthatwas
usedto learnthesemodelsemploys softmaigins,whichtrademiss-
classificatiorcostfor alargermagin. As aresult,it is possiblethat
thedifferentmodelsareoptimizedat differentaccuraciessincethe
spaceghatthey operatearedifferent. Also notethatfor someval-
uesof R, asthenumberof irrelevantfeaturesncreasesheaccurayg
initially decreasedyut aftersomepointit actuallygetsbetter This
is becaus@smorefeaturesbecomeavailable, SVM is ableto find
a bettermodel, usingsuchirrelevant features.However, thatalso



representshe point at which SVM is overfitting the datasetand
thesetrainingsetimprovementslo notleadto improvementsn the
testset.

Table 1: Accuracy on the training set.

#irr. R=1.0

Attr. Poly. | ND-NS| IC-NC | IC-CO | IC-JM

0 100.00 [ 100.00 | 100.00 [ 100.00 | 100.00
5 96.01 99.02 | 99.02 | 99.98 | 100.00
10 86.04 89.23 | 89.23| 9258 | 97.79
15 88.74 90.77 | 90.77 | 93.80 | 96.21
20 92.52 93.90 | 93.90| 96.44 | 97.95
25 94.93 9592 | 9592 | 98.14 | 99.06
#irr R=0.9

Attr. Poly. | ND-NS | IC-NC | IC-CO | IC-JM

0 89.82 89.82 | 89.82| 89.82| 89.82
5 85.90 88.91 | 88.91| 9057 | 90.32
10 83.68 86.45 | 86.45| 89.36 | 92.63
15 87.60 89.75 | 89.75| 92.60 | 94.35
20 92.14 9351 | 9351 | 96.21| 97.45
25 94.02 95.06 | 95.06 | 97.83 | 98.95
#irr R=0.8

Attr. Poly. | ND-NS| IC-NC | IC-CO | IC-JM

0 79.58 79.58 | 79.58| 79.58 | 79.58
5 77.69 80.29 | 80.29 | 82.08 | 80.89
10 81.66 84.29 | 84.29| 86.62| 88.29
15 86.83 88.90 | 88.90| 91.70| 93.06
20 91.19 92.62 | 92.62| 9565 | 96.96
25 94.34 95.44 | 95.44| 97.99 | 98.92
#irr R=0.7

Attr. Poly. | ND-NS| IC-NC | IC-CO | IC-JM

0 69.80 69.78 | 69.78 | 69.78 | 69.78
5 73.03 75.17 | 75.17 | 76.26 | 76.36
10 80.61 83.23 | 83.23| 8546 | 85.88
15 86.73 88.69 | 88.69| 91.35| 92.30
20 90.82 92.27 | 9227 | 9547 | 96.52
25 94.15 95.18 | 95.18| 97.79 | 98.76

6.1.2.2 TestSetPerformance.

Table 2 shavs the accurayg of the variousclassifierson the test
set.

Looking at theseresultswe canseethat SVM with polynomial
kernel(Poly.) startsoff with anaccurag of 100%for R = 1.0 and
0 irrelevantattributes,but the accurag dropssharplyto 59% with
5irrelevantattributes,andtheaccurag furtherdropsto 50%when
thenumberof irrelevantattributesis increasedo 10. Onthe other
handcompositefeatureshasedschemesespeciallylC-CO, shav
considerableesilienceagainstthe numberof irrelevant attributes,
with theaccurag of IC-CO deggradingto only 80%whenthe num-
berof irrelevantattributesis increasedo 25. Similarly, composite
featuresbasedschemesrealsomoreresilientto noisethan SVM
with the polynomialkernel. Next, eventhe mostprimitive of the
compositefeatureselectionbasedschemeND-NSthat only uses
supportthresholdfor featureselection,also consistentlyoutper
forms the SVM classifierwith polynomialkernelfor all possible
settings;further validatingthe importanceof featureselectionfor
improving theaccurag of theclassifier Amongthetwo featurese-
lectionschemedC-CO & IC-JM, IC-CO consisteng outperforms
the IC-JM. IC-CO alsoshavs remarkableesilienceto the number
of irrelevantattributes. The reasorthat|C-CO outperformdC-JM
is becausehe featureselectionstratgy basedon j-measue is ex-
tremelyaggressie andresultsin the pruningof usefulfeatures.

6.1.2.3 Genealizability Comparison.

To comparethe generalizabilityof the compositefeaturebased
schemesover that of the SVM classifierusing polynomial ker-
nel(Poly) we computethe ratio of accurag of a compositefeature
basedschemeandthePoly schemeWe dothis for eachof thecom-
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Table 2: Accuracy on synthetic datasets.

#irr. R=1.0

Attr. Poly. [ ND-NS| IC-NC [ IC-CO | IC-JM
0 100.00 | 100.00 | 100.00 | 100.00 | 100.00
5 79.100 96.00 | 95.70 | 100.00 | 100.00
10 51.080 61.00 | 61.34 | 100.00 | 81.04
15 51.400 55.00 | 55.26 | 100.00 | 61.92
20 50.700 53.00 | 53.28 | 94.22 | 58.10
25 50.120 50.00 | 50.16 | 80.90 | 51.98
#irr R=0.9

Attr. Poly. | ND-NS| IC-NC [ IC-CO | IC-JM
0 89.82 90.00 | 89.82 | 89.82 | 89.82
5 65.94 79.00 | 79.24| 90.32 | 90.32
10 52.44 58.00 | 57.90| 90.78 | 70.82
15 50.82 51.00 | 52.54| 88.88| 56.22
20 50.80 54.00 | 53.04| 72.26 | 56.04
25 50.80 51.00 | 50.50| 65.94| 5258
#irr R=0.8

Attr. Poly. [ ND-NS] IC-NC | IC-CO | IC-JM
0 79.58 79.54 | 79.58| 79.58 | 79.58
5 55.70 65.00 | 65.44 | 79.76 | 78.84
10 50.82 55.00 | 54.38| 80.70 | 60.54
15 49.62 50.00 | 51.20| 67.94| 51.72
20 50.62 53.00 | 52.76 | 60.74 | 53.84
25 50.78 49.00 | 48.70 | 58.24| 50.30
#irr R=0.7

Attr. Poly. [ ND-NS| IC-NC [ IC-CO | IC-JM
0 69.52 68.00 | 69.58 | 67.22| 69.50
5 53.68 58.00 | 57.16 | 65.06 | 61.92
10 50.56 52.00 | 51.90| 62.02 | 54.84
15 50.34 50.00 | 50.42 | 56.08| 51.66
20 50.84 52.00 | 51.60| 53.82 | 52.34
25 50.70 49.00 | 4856 | 5254 | 49.98

positefeaturebasedschemespn all 24 datasetsandfor boththe
accuray onthetraining-aswell astest-setTheratio of trainingset
accuracieglive ustheimprovementin the quality of the modelfor

a compositefeaturebasedschemeversusthe Poly schemethis ra-

tio is referredastrain ratio. Theratio of testsetaccuracieseflects
theimprovementin boththe quality aswell the generalizabilityof

themodel;it is referredasthetestratio. Finally, we take theratio

of thetestratio andthetrain ratio, this ratio is calledthe geneal-

izability improvement|f thisratiois greaterthatl thenit indicates
thatthe generalizabilityof the compositefeatureschemes better
thanthe generalizabilityof the Poly scheme.

Table 3 displaysthe generlizability improvemenfor four com-
positefeaturebasedscheme®n all the differentdatasetsFor most
all the datasethe generalizabilityimprovementhasa valuegreater
than1 or very closeto 1; this implies that featureselectiondoes
lead to bettergeneralizability Of the four schemesawe find that
the greatestgeneralizabilityimprovementis seenfor the IC-CO
schemewith thegeneralizabilitimprovementwalueashigh1.841,
indicatinganimprovementof about84%. We alsonoticethatthe
value of generalizabilityimprovementvarieswith the numberof
irrelevantattributesandpeaksat oneparticularvalue,andthende-
creasingasthe numberof irrelevant attributesareincreased.This
indicateghegeneralizabilityof thecompositdeaturebasedschemes
is alsoaffectedasthe numberof irrelevant attributesis increased
andthe schemeperformsoptimalyfor onevalueor numberirrele-
vantattributes.

6.2 Evaluation on Real Datasets

Our overall methodologyfor building classifiersusingcompos-
ite featuresandthe variouspruningschemeswerealsoevaluated
usinga setof problemsfrom the UCI datasetollection[13]. This
particularsetof problemsvasselectedecauséhey have beenused
in mary previous classificationalgorithm studies[11, 10], even
thoughthey may not be well-suitedfor the classificationmodels
thatcanbelearntby our algorithm. The datasetharacterisiticof



Table 4: Overall comparisonof accuracy.

Dataset DataseCharacteristics CBA | CMAR | C45 SVM

#Attr. | #CI. | #Ex. Direct | ND-NS | IC-NS | IC-CO | IC-JM
anneal 38 6 898 || 97.90 | 97.30 | 94.76 | 98.33 98.44 | 97.89 | 98.33| 99.00
austra 14 2 690 || 84.90 | 86.10 | 85.22 | 85.80 86.38 | 86.96 | 86.09 | 85.80
breast 10 2 699 || 96.30 | 96.40 | 95.42 | 97.14 97.00 | 96.86 | 96.71 | 97.29
cleve 13 2 303 || 82.80 | 82.20 | 80.17 | 84.11 84.44 | 83.47 | 83.46| 83.45
crx 15 2 690 || 84.70 | 84.90 | 84.93 | 86.09 86.67 | 86.52 | 86.09 | 84.50
diabetes 8 2 768 || 7450 | 75.80 | 76.18 | 77.35 78.14 | 78,53 | 7853 | 77.88
german 20 2 | 1000 || 73.40| 74.90| 72.70 | 75.70 7190 | 7230 | 72.60| 74.30
glass 9 7 214 || 73.90 | 70.10 | 65.97 | 75.33 78.61| 78.12| 75.28 | 73.46
heart 13 2 270 || 81.90 | 82.20 | 80.00 | 82.96 85.56 | 85.56 | 84.82| 82.96
hepati 19 2 155 || 81.80 | 80.50 | 83.25 | 84.38 79.29 | 8121 | 8121 | 8579
horse 22 2 368 || 82.10 | 82.60 | 82.92 | 85.61 82.61 | 84.79 | 83.43| 8232
iris 4 3 150 || 94.70 | 94.00 | 95.33 | 93.33 94.00 | 94.00 | 94.00 | 93.33
labor 1 2 57 || 86.30 | 89.70 | 79.00 | 89.33 7733 | 94.67 | 94.67 | 94.67
led7 7 10 | 3200 || 71.90 | 7250 | 72.88 | 72.41 71.25| 72.19 | 73.03| 72.78
lymph 18 4 148 || 77.80 | 83.10 | 79.72 | 84.38 81.05| 80.33| 81.67| 80.38
pima 8 2 768 || 7290 | 75.10 | 74.22 | 77.34 78.78 | 79.04 | 7852 | 78.52
tic-tac 9 2 958 || 99.60 | 99.20 | 98.64 | 95.41 98.54 | 9854 | 96.97 | 97.70
wine 13 3 178 || 95.00 | 95.00 | 92.75 | 99.44 98.86 | 98.30 | 99.44 | 98.86
Z00 16 7 101 || 96.80 | 97.10 | 92.09 | 96.00 97.00 | 92.09 | 96.00 | 96.00
Average 83.90 | 84.38| 82.95| 85.61 85.57 | 85.68 | 85.67| 85.58

Table 3: Ratio of the impr ovementof compositefeature based
schemeversusPoly schemeon test setand the training set.

#irr. R=1.0

Attr. ND-NS | IC-NC | IC-CO | IC-JM
0 1.00 1.00 1.00 1.00
5 1.17 1.17 1.21 1.21
10 1.15 1.15 1.81 1.39
15 1.04 1.05 1.84 1.11
20 1.03 1.03 1.78 1.08
25 0.98 0.99 1.56 0.99
#irr. =0.9

Attr. ND-NS | IC-NC | IC-CO | IC-JM
0 1.00 1.00 1.00 1.00
5 1.15 1.16 1.29 1.30
10 1.07 1.06 1.62 1.22
15 0.97 1.00 1.65 1.02
20 1.04 1.02 1.36 1.04
25 0.99 0.98 1.24 0.98
#irr =0.8

Attr. ND-NS | IC-NC | IC-CO | IC-JM
0 0.99 1.00 1.00 1.00
5 1.12 1.13 1.35 1.36
10 1.04 1.03 1.49 1.10
15 0.98 1.00 1.29 0.97
20 1.03 1.02 1.14 1.00
25 0.95 0.94 1.10 0.94
#irr. R=10.7

Attr. ND-NS | IC-NC | IC-CO | IC-JM
0 0.97 1.00 0.96 1.00
5 1.05 1.03 1.16 1.10
10 0.99 0.99 1.15 1.01
15 0.97 0.97 1.05 0.96
20 1.00 0.99 1.00 0.96
25 0.95 0.94 0.99 0.94

theseproblemsaredisplayedn first threecolumnsin Table4.

In this setof experimentspesideghe four algorithmsbasedon
compositefeatureswe alsousedfour additionalclassifiers.These
wereC4.5[16], CBA [11], CMAR [10], andSVM operatingsolely
on the original featuresof eachdatasetafter beingdescritizedus-
ing the methoddescribedin Section4.3). To differentiatethis
SVM-basedclassifierfrom the onesusingcompositefeatureswe
will referto it asdirect SVM. The CBA andCMAR classifiersare
two other schemesasedon compositefeaturesthat were previ-
ously developedandwere briefly describedn Section2. For the
compositefeaturebasedclassifiersve useda supportthresholdof
1.0%for all thedatasetsexcepthepat i , hor se wherewe used
a supportthresholdof 2.0% andfor | ynph and zoo wherewe

usedthe supportthresholdof 5.0%. This wasdoneto ensurethat
the compositefeaturesgeneratedare statistically significant. For
SVM classificationwe usedradial basisfunctionkernel.

Table 4 displaysthe accurag valuesobtainedby the different
classificatioralgorithmsfor eachdatasetThelastrow in thistable
labeled“Average”shavs the accurag achiesed by eachclassifier
averagedver the differentdatasetsFromtheseresultswe cansee
thatthe SVM-basedschemegwith andwithoutcompositdeatures)
achieve higheraccuracieshanthatobtainedby eitherC4.5,CBA,
or CMAR. However, betweenthe different SVM-basedschemes
we canseethatontheaveragethereis little differencebetweerthe
schemeghat use compositefeaturesand direct SVM, suggesting
thatcompositefeaturesarenot beneficialfor thesedatasets.

7. CONCLUSION

In this paperwe presenteé numberof classificatioralgorithms
that usefrequentitemsetsto expandthe featurespaceand evalu-
ateda variety of schemedor selectingdiscriminatingcomposite
features Our experimentakesultsshaw thatthe proposedschemes
can substantiallyreducethe numberof compositefeaturesused,
which improves the classificationaccurag. Moreover, we have
both analytically and experimentallyshavn that the prunedcom-
positefeaturespacereducesthe generalizatiorerror obtainedby
supportvectormachinesl|eadingto betterclassifiers.
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