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Abstract

Advancesn theefficientdiscovery of frequenttemsetsn largedatabasebave ledto thedevelopmenbf anumber
of schemeshatusefrequentitemsetdo aidin thedevelopmeniof accurateandefficient classifiers Theseapproaches
usethe frequentitemsetsto generatea setof compositefeatuesthat expandthe dimensionalityof the underlying
dataset.In this paper we build uponthis work and (i) presenta variety of schemedor compositefeatureselection
that achieve asubstantiakeductionin the numberof featureswithout adwerselyaffecting the accurag gains,and
(ii) shav (bothanalyticallyandexperimentally)thatthe compositefeaturespacecanleadto improved classification
modelsin the context of supportvectormachinesin which the dimensionalitycanautomaticallybe expandedoy the
useof appropriatekernelfunctions.
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1 Introduction

After the seminalpaperby Agrawal etal. [AIS93] on associatiorrules, the field of associatingulesandespecially
its sub-fieldof frequentitemsetgeneratiorhasseena greatdealof researctactiity. The extensie researchin this

field hasled to the developmentof efficient techniquedor generatingstoringand pruningfrequentitemsets [SKO1
HPYO00, AAPOQ, Zak0(. Theseadwancesaccompaniedy growth in the computingpower hasmadethe task of

frequentitemsetggeneratiormuchmoremanageabldghanin the past.

As aresult,we have witnessedanincreasednterestin developingschemeshat usefrequentlyoccurringitemsets
to aid in the developmentof accurateand efficient classificationalgorithms. To this end, two generalapproaches
have beendeveloped. The first approachusesthe frequentlyoccurringitemsetsto generatea setof rules, that are
thenusedto build rule-basectlassifierdLHM98, LHPO1]. The secondapproackHirst expandsthe datases feature
spaceby usingthe frequentlyoccurringitemsetsandthen usesraditionalalgorithmsto build classificatiormodelsin
thatexpandedeaturespacegLZ099, ZLMO0Q]. Despitethe differencesof theseapproacheshe commonthemethat
underliesthemis that they usedthe frequentlyoccurringitemsetsto generatea setof compositfeatuies Theidea
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ResearclCentercontracnumberDAAD19-01-2-0014.



of usingcompositefeaturesto expandthe featurespaces not nev andhasbeenextensiely studiedby the machine
learningcommunity [S.78 Zij96]. Most of theseschemesusea greedyapproachto find the compositefeatures;
hence they do not searchthe entire spaceof all possibleattribute value conjuncts.However, frequentitemset-based
approachebavetheadvantageof exhaustively generatingll possiblecompositdfeaturespeforeselectingwvhich ones
to usefor classification.Experimentakesultspresentedn [LHM98, LHPO1, ZLMO0O, LZO99] illustratethatthe use
of frequentlyoccurringitemsetscanleadto measurablénprovementsn classificatioraccurag.

In this paperwe build uponthis work andfurtherinvestigatehe useof frequentlyoccurringitemsetsascomposite
featuresfor classification. In particular our researchs focusedin two directions. First, we investigatethe impact
of variousschemedor selectingthe mostdiscriminatingsetof compositefeatures,and secondwe investigatethe
extent to which the resultingsetof compositefeaturescanleadto improved classificationmodelsin the context of
supportvectormachinesin which the dimensionalitycanbe automaticallyexpandedoy the useof appropriatekernel
functions.Towardsthefirst direction,we presentivarietyof schemeshatselecta setof non-redundantiscriminatory
compositdeaturesandshow thata substantiafeductionin the numberof featurescanbe obtainedwithout adwersely
affectingthe accurag gainsachieved by the useof suchcompositefeatures.Towardsthe seconddirection,we show
thateventhoughhigherorderpolynomialkernelfunctionsdo automaticallygeneratell possiblecompositefeatures,
it is still beneficialto manuallyexpandthefeaturespaceby usingthediscriminatoryfrequent-itemset3ie prove that
a SVM modellearntin the manuallyexpandedieaturespacewill have alower generalizatiorerrorthanthatbuilt by
the correspondindnigherorderpolynomialkernel,a factthatwasexperimentallyverified usinga setof synthetically
generatediatasets.

The paperis organizedasfollows, Section2 presentgherelatedresearctand Section3 discussesheterminology
usedin this paper Section4 explainsin detailthe methodologyusedfor classification Section5 presents detailed
analysisof our approachspecificallyin context of differentclassifiers,Section6 presentghe classificationresults,
andfinally Section7 presentshe conclusion.

2 Related Research

Theideaof usingcompositdeatureshasbeenwell studiedin thefield of machindearningandgoesunderthe nameof
constructiveinduction Constructiveinductionis a procesf creatingnew features/attribtesfrom the task-supplied
attributesand then building a modelon both thesenew aswell astask suppliedattributes[S.7§. For mostcases
this approachis diametricallyoppositeof dimensionalityreduction;dimensionalityreductiontries to eliminateat-
tributes/featuresvhereasconstructve induction expandsthe featurespacebeforebuilding the classificationmodel.
Therearemary waysof creatingnew featuresZhengetal [Zij96] presentadiscussiorof usingconjunctive, disjunc-
tiveandx of N featuresThefeatureof typex of N werefirst studiedby Murphy etal [MP91]. Brodley etal [BU92]
considercompositefeatureswhich are modeledas linear functions,which operateon differentattribute values. In
this paperwe will belimiting oursehesto the study of conjunctive attribute values,a detaileddiscussioraboutthe
adwantage®f usingconjunctie attributesin context of differentclassifierds presentedn Section5.

It is obviousthatexpandingthe featurespaceto encompasall possibleattribute value conjuncts/disjunctsvould
male thedatasetoo largeandintractableto build a classificatiormodel. Therefore the mainchallengen thefield of
constructivanductionis to intelligently searchthefeaturespaceandselecta smallsetof compositgeatureghatleads
to animprovedclassifier eitherby improving the accurag or by improving the understand-abilityf the model.

Constructiveinduction hasbeenmainly usedin the conjunctionwith two classificationschemes:decisiontrees
and rule basedsystemswith majority of the work doneon decisiontrees. This shouldnot be surprisingas using



compositefeaturedeadto substantiallysmallerand more understandabldecisiontrees. The methodologyusedfor
differentdecisiontreelearningis broadlythe same[GD90, MR89]. First, a decisiontreeis built onthetask-supplied
attributes,thena candidatesetof compositeattributesis constructedy taking conjunctionsand/ordis-junctionsof
attributesvaluesalongdifferentpathsof the decisiontree,from this candidateseta small setof compositeattributes
areretainedwhich arethenincorporatedn the datasetindthesefour stepsarerepeatedn aloop. The processstops
whensufficiently accuratedecisiontreeis built. Thesetechniquesnake useof the attributesselectedy the decision
treeto restrictthe searchspace.

Compositefeatureshave alsobeenusedin conjunctionwith rule basedsystems.Zhengetal, [Zhe0( presenta
modificationof the c4.5rulesschemdo useconjunctions/disjunctionsf attribute values.In their approacHirst rules
aregeneratedisingthe traditionalc4.5rulegQui93] schemethena candidatesetof conjunctive/disjunctve features
aregeneratedrom theserules,next this candidatesetis evaluatedto retaina smallsetof compositeattributes.

Liu etal, [LHM98] proposea nowel techniquefor using attribute value conjunctions. First, they exhaustvely
generatall possibleattribute valueconjuncts(compositefeaturesjusinga frequentitemsetdiscovery algorithm,next
apruningschemas usedto eliminatecompositefeatures/frequentemsetshathave supportand/orconfidenceoelow
certainthreshold.This leavesan extremelysmall setof compositfeatures. Thenconsideringeachcompositefeature
asarule, amodifiedversionof sequentiatoveringalgorithmfor rulesis run on themto obtainthe final orderingof
rules. This schemewill bereferredasCBA (ClassbasedAssociations)Li etal. [LHP01] extendthe CBA approach
by usinga modifiedversionof sequentiatoveringalgorithm,whereanexampleis eliminatedonly afterit hascovered
a sufficient numberof rules (compositefeatures).this schemewill be referredas CMAR (Classificationbasedon
Multiple AssociationRules).

3 Terminology

The datasetD usedfor classificationis definedby the tuple < A, C >, where A = {As1, A2, As, ... A} arethe
attributesdescribingeachexamplein the datasetindC is afinite setof classlabels{c, ¢, c3, ... cm}. Eachattribute
A; is assumedo have afinite domainof attribute valuesthatis know in advance.Notethatthis modelcannot handle
continuousattributesand they needto be discretizedbeforehandFI93, DKS95. Eachexampleg in the dataset
D is represente@ds {(A1 = agj, A = agi, Az = ag, ... Ax = &), G}, whereas; correspondgo the attribute
valuefor attribute A; andc; is the class labehssignedo the exampleg. Fromthis usersuppliedrepresentatiom
setof compositefeatureswill be generatedsuchthat eachfeature Ac represents conjunctionof attribute values,
Ac = {(A1 = a1i) A (A3 = agj) A (As = ask)}. For example,giventhe dataseshowvn in Figurel, the {Outlook =
sunny A Windy = True} is anexampleof a compositefeature.Note thata compositefeatureareformedby taking
conjunctionsof attribute-valuepairsandnot just attributes. The sizeof a compositefeatureis equalto the numberof
attribute-valuepairspresenin thecompositefeature.

An examplee supportscompositefeatureAc, representeds A¢ € g, if all theattribute-valuepairspresenin Ac
arealsopresenty. We candefinea similar relationshipbetweencompositeattributesthemseles, Ac; € Acp, if all
theattribute-valuepairspresenin Ac; arealsopresenin Ac. FurthermoreAc; is referredasanextensionof Ay, if
si ze(Ac2) = size(Ac1) + 1. Fortheexampleshavnin Figurel thecompositdeature{ Outlook = sunny AWindy =
True} is presenin example(1, 4,5 and8).

After selectingall thecompositdeatureseachexampleis transformedothateachexample,in additionto theuser
suppliedattributes,it alsocontainsthe compositefeaturest supports.To further simplify this representatiomve can
assigna uniqueintegerto all the uniqueattribute valuepairsaswell asthe compositeattribute selected.
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Frequent Composite Features

Figure 1: Various sub-tasks of our classification procedure as defined Section 4

4 Classification Methodology

In this sectionwe describein detail our methodologyfor building a classifierusingcompositefeatures.This taskis
dividedinto threesubtasks:

1. Generatingll the compositefeaturesabore asupportthreshold
2. Pruningthis setof to obtaina smallersetof compositefeatures

3. Transformingheusersupplieddatato incorporateheseselecteccompositdeaturesandlearningaclassifieron
thistransformediataset.

Thesethreestepsareshovnin Figurel.

4.1 Generating Composite Features

Thisis thefirst sub-taskn our classificatiorprocedureherewe generata setof candidateompositdeatures For this
sub-taskvefirsttransformthedatasesothateachexampleis representedsasetof integers,asdescribedn Section3.
We thenrun a genericfrequentitemsetdiscovery algorithmon this dataseassumingeachexampleasa transaction
andeachattribute valuein the exampleasanitem The FrequenitemsetDiscovery Algorithm, henceforttreferredas
FIDA, returnsalist of itemsetsvhich occurfrequentlyin the datasetEachitemsetrepresents compositfeaturethat
is aconjunctionof all theattribute values(itemg makingup thatitemset.In our procedureve useLPMiner[SK01] as
our FIDA.

Thenotionof frequenti.e, whatcompositefeatureis consideredsfrequents controlledby a userdefinedparam-
eterto the FIDA calledsupportthreshold All the compositefeaturegitemsets)generatedy FIDA have asupport
above the supportthreshold Supportfor acompositefeatureis definedastheratio of the numberof exampleswhich
containthe compositefeatureto the total numberof examplesin the dataset.Using a supportthreshold insteadof
exhaustvely generatingompositdeaturesensuresghatthe discoreredcompositedfeaturesarestatisticallysignificant
andnotrandomnoise. Theexactvalueof supportthresholdis usuallydatasetiependenandis suppliedby theuser



Becausehe differentclassescan be of differentsize, caremustbe taken to ensurethat the compositefeatures
properlycoverall classesFor thisreasorin ouralgorithm,we first partitionthe completedatasetusingtheclass label
of the examples,into specificclassdatasets We thenrun FIDA on eachof theseclassdatasets This partitioning
of the dataseensureghat sufficient compositefeaturesare discoveredfor thoseclasslabelswhich occurrarelyin
the dataset.Next, we combinecompositefeaturesdiscoreredfrom eachof the classdataset After this stepeach
compositefeaturehasa vectorthat containsthe frequeng with which it occursin eachclass. Also, to facilitatethe
efficient executionof the variouscompositdfeatureselectionschemewhich will be describedn the next section,we
storethe compositefeatureinto a lattice format. Every compositefeaturehasits child nodesthosecompositefeature
which canbeformedby extendingit by oneattribute valuepair. The lattice representatiomakesthe taskof feature
selectionextremelyefficient.

4.2 Selecting Composite Features

In this sub-taskwe selecta small setof compositefeaturesfrom thosegeneratedy the FIDA. Therearetwo motiva-
tions behindfeatureselection:First, the generatedompositefeaturescontaina lot of noiseandredundang thatcan
beeasilyeliminated andwill resultin abetterclassifier Secondthenumberof compositdfeaturegyeneratedby FIDA
is quite large andwill affect the time neededo build the classificatiormodel. Our approachor featureselectionis
performedn two stepsthefirst stepeliminatesedundantompositdeaturesvhereaghe secondstepselectdhe most
discriminatorycompositefeatures.

4.2.1 Duplicate Elimination

This selectionprocedurds basedon the obsenationthatthe compositefeaturesdiscoreredby FIDA containa lot of
redundangi.e., they provide identicalinformation.As aresulttheseduplicatefeaturesanbe safelyremovedwithout
affectingthe accuray of the classifier Two compositefeaturesare saidto provide identicalinformationif the setof
supportingexamplesof thesetwo compositefeaturess identical.

Thelatticerepresentationf thecompositdeaturebtainedrom the FIDA makesthetaskof identifyingduplicates
extremelyeasy For every nodein the lattice we compareits classdistribution with its child nodes(single attribute
value extension),and we eliminatethe child nodeif the frequeng distribution is identical. It shouldbe notedthat
the setof supportingtransactiongor anextensionis a subsebf supportingtransactiorfor acompositefeature this is
by the subsumingpropertyof the frequentitemsets.Secondlywe alwayseliminatethe longerof the two composite
featuredo ensurghatthe selectedeaturegeneralizebetter

4.2.2 Selecting Discriminator y Composite Feature

In this stepwe further eliminate featuresobtainedfrom the previous stepto retain only thosecompositefeatures
which are considereddiscriminatory A compositefeatureis considereddiscriminatoryfor a particularclassif its

presencer absencén anexamplecanhelpin inferringtheclass labebf thatexample.Therearemary metricswhich

evaluatethe discriminatoryability of a feature,andin our algorithmwe have experimentedwith two suchmetrics,
confidencdAIS93] andj-measue [SG9]. Both thesemeasuresvaluatethe discriminatoryability of a composite
featurew.r.t. a particularclasslabel. The confidenceof a particularA¢ w.r.t. classc; is definedas

confidence(Ac, ¢i) = %
C



, whereP (A, ¢) is the probability of observinghe compositdfeatureAc andtheclass labet; togetherin thedataset
and P(A¢) is the probability of finding compositefeature A¢ in the dataset.On the otherhand,the ]-measue of Ac
w.I.t. classc; is definedasfollows:

P(CilAc)

j — measure(Ac, ¢i) = P(ci|Ac). log (W
|

) +(1- P(Gi|Ac)). log (M) ,

1-P(c)
whereP(ci | Ac) istheconditionalprobabilityof observingheclassc; giventhatcompositdeatureA. is presentn the
example. Studyingthe two formulaewe canmake two obsenations:First, confidencemetrictakesinto accountonly
the presenc®f a compositefeaturein anexample whereaghe j-measue considerdoththe presenceandabsencef
acompositdeature.Secondpothof thesemetricscanbe computedirectly from the classdistribution of acomposite
feature. Also notethatall thesemetricscomputethe discriminatoryability of a compositefeaturewith respectto a
class-labebndnotthe compositdeatureasa whole.

Thenext stepis to usethesemetricsto selecta smallsetof compositdfeatures.The procedurausedhereis similar
to the oneusedfor duplicateelimination. We compareeachcompositefeature( Ac) with all of its parentg Acp) using
thediscriminatorymetric,anddecideif thatcompositfeaturehasto beselectedr eliminated.Therearefour possible

waysin which this selectioncanbe done.Assumingthat D(Ac, ¢i) is adiscriminatoryfunctionand Acp is the parent
of Ac, we canhave:

Seled (Ac), if Ve D(Ac, ¢i) > max(D(Acp, Ci))
YAcp

Seled (Ac), if V¢ D(Ac, Gi) > min(D(Acp, Ci))
YAcp

Seled (Ac), if 3¢ D(Ac, Ci) > LnAil)(D(Acp,Ci))
p

Seled (Aq), if 3¢ D(Ac, Gi) > @Aicn(D(Acp, G))
p

Letsconsidettheright handsideof theequationsif we usethe maxfunctionfor selectinghe compositdeature it
meanghatthe compositefeaturewill beselectednly if its discriminatoryability is greaterthanall of its parentsOn
theotherhand,if themin functionis used thenacompositefeatureis selectedf it is morediscriminatorythanatleast
oneof its parentsThe maxfunctionleadsto anextremely selectie schemescomparedo the min function. Theleft
handsideconsidergheclasdabelsonwhichthemetriccanbe computedtheconditionY ¢; impliesthatthecomposite
featurehasto be morediscriminatoryw.r.t. all the classesn orderfor it to be selectedwhereashe condition3 c;
impliesthatthe compositefeaturehasto betteron any oneof the classlabels. The conditionVc; cannever betrueif
we usethe confidencemetric; becausehe sumof confidencdor differentclasslabelsis equalto 1.0.

In our schemave usethe maxfunctionandselecta compositefeatureif it is morediscriminatoryon ary oneof the
classlabels,asmentionedeforewe useboth confidenceandj-measue asour metric. Therearemary advantageof
this scheme First, the computations extremelyefficientasit canbe donein conjunctionwith duplicateelimination.



Secondwe do not needary additionalparametefrom the userto carry outthis scheme.

4.3 Building the classification model

Oncewe obtainthesetof compositdeaturesvetransformtheinputdataseinto thisexpandedeaturespace Now each
inputexampleis representedsa boolearvectorof sizeequalto thetotal numberof selecteccompositdeatures Each
elementin the vectorcorrespond$o a compositefeatureandits valueis setto trueif thatcompositefeatureis present
in the example,andfalseotherwise. Thesebooleanvectorsare givento the classifierfor building the classification
model.We have experimentedvith two classificatiorschemesC4.5[Qui93] andSVM [Vap98. We will next discuss
someimplementatiorspecificdetailsaboutthe classifiers.

We usea locally modifiedversionof C4.5,known asC4.5-sparseto handlethe sparseandhigh dimensionabdata
generatecsa resultof transformingthe datasetsC4.5-sparsstoresthe datain a sparsdormatandhencecaneasily
handlehigh dimensionaldatasets. Supportvector machinesoperateonly on continuousattributes, hencewe first
normalizeeachbooleanvectorto be of unit lengthandthenfeedthis normalizedvectorto the SVM Classifier We
alsouseSVM to directly classifythe UCI datasetsin this casewe first discretizedall the continuousattributes.Then,
we transformedhis discretizedrepresentatiointo a featurespacesuchthat eachattribute value corresponds nen
attribute. This allows us toagainrepresenthe examplesasabooleanvector

5 Analysis of Proposed Approach

In this sectionwe study the advantagef using compositefeaturesin the context of two classifier: decisiontrees
and SVM. Sincethe classificationrmethodologyof thesetwo classifiersdiffers a lot, we considereachone of them
separately

5.1 Decision Trees

Zhengetal [Zhe0(Q provide a detaileddiscussiorof advantage®f usingconjunctie attributesin context of decision
trees.Compositd-eaturesprovide away of overcomingtwo of thewell known shortcomingsof C4.5[Qui93], namely
fragmentationandreplication Beforewe go onto discussthem, it shouldbe notedthat compositefeaturesdo not
provide ary additionalexpressie power to C4.5. The classificationfunction learntby usingcompositefeaturecan
alsobelearntby directly using C4.5providedwe have awell spreadut dataandthereis no noisein it. Howeverboth
of thesetwo conditionsarealmostnever fulfilled in practice.

We will studythe fragmentationproblemfirst; the decisiontreeis constructedy recursvely partitioningthe at-
tribute spaceusing one attribute at attime, eachof thesepartitionsis representedy a nodein the decisiontree.
Figure2(a) displaysan exampledatasefandthe correspondinglecisiontree. As canbe seerfrom thefigure the de-
cisiontreeneeddo partitionthe datasefour timesto captureall the examples.This repeategartitioningreducests
generalizabilityand canresultin lower accurayg of the classifieron the testset. On the contrarycompositefeatures
allow us tosuccinctlycapturethe conceptpresenin the datasetindasaresultthe decisiontreeis very compact.

Another problemobsened in decisiontreesis replication in replicationa portion of a subtreeis constructed
multiple times. An exampleof replicationis shovn in Figure3(a). Replicationalsoleadsto decisiontreeswhich are
deepanddifficult to understandCompositdeatuiesin somecasesaneliminatereplication.Onesuchexamplewhere
compositdeatureshelpis shavn in Figure3(b).
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(b) C4.5 with composite features

Figure 2: Fragmentation due to C4.5, (a) displays decision tree when composite features are not used (b) decision tree with
composite features.

(b) C4.5 with coposite features

Figure 3: Replication in C4.5 (a) displays a decision tree in which a sub tree is replicated (b) decision tree using composite
features.



5.2 SVM

In this sectionwe will discusgthe advantage®f the proposedapproach otreatingandselectingcompositefeatures
in the context of SupportVector Machine(SVM)classifiergVap9§. Beforegoing into the discussionwe describe
terminologyandbriefly explain theworking of the SVM classifiefWMC*00Q|.

We assumeéhatwe aregiven| datapointsx; € R" labeledy € +y drawn i.i.d. from a probability distribution
P(x, y). Supportvectormachinesanmapeachexamplex € R" into a higherdimensionakpace possiblyinfinite,
andconstructa separatindnyperplanen thatspace.The mappingof this input spaceR" to higherdimensionakpace
H is representethy x — @ (x), wheredifferentmappingsleadto differentSVM classifiers. One of the principle
adwantageof SVM is thateventhoughthelearningis donein the higherorderspaceindividual examplesneednot
be transformednto this higher order space,and only a kernelfunction K (x, z) needsto be defined. For a simple
casethe kernelfunctiondefinesthe innerproductbetweertwo examplesin the expandedeaturespacd.e., similarity
betweertwo examplesx andz. The classificatiorof anexamplex involvescomputingthe distanceof the exampleto
thehyperplanén H andassigningn theclass labetlependingon which sideof the hyperplandghe examplelies. The
classificatiorfunctionis representeds,

f(X) =w-<I>(x)+b=Zoei0yiK(xi,x)+b,
i

where,w is the vectordefiningthe hyperplandn the higherdimensionakpaceH, «; aretheweightsassignedo the
input examplex; which hasa class labebf y;. Thelearningprocessnvolveslearningthe valuesfor «; andb. The
exampleswhich have anon-zerovaluefor « arecalledsupportvectorsof thatmodel.

SinceSVM allows us tooperatein higherdimensionakpacesoneof thefirst questiondo askis if it is possibleto
constructa kernelfunctionwhichwill operaten a spaceepresentetly the conjunctsof all theattributes. Theanswer
to thatquestionis yes,polynomialkernelrepresenteds

K(X,2) = (< x-z> +¢)¢

operatesn a featurespaceconsistingof all possibleconjunctsstartingfrom order 1 all the way to orderd. The
polynomialkerneloperate®n (”*g’l) distinctfeatureswhichis essentiallyall possibleconjunctsstartingfrom order
1 to orderd.

Fromthis discussiorit would appearthatexhaustvely generatindeaturesoutsidethe classifieris a wastedeffort
andthe samerepresentatiomanbe achieved, potentiallyin anefficient way, by usinga polynomialkernelof suitable
degree.However, the key differencebetweerthe useof higherorderpolynomialkernelfunctionsandour approachs
thatin additionto finding all frequentitemsetswve alsoperformafeatureselectionstepthateliminatesmostof thenon
discriminatoryconjuncts.Therefore the featurespacen which our classifieroperatesteferredasc, is a subse{and
generallysubstantiallysmaller)thanthe featurespace of the polynomialkernel. In light of that, the key question
to askis whetheror not thereis an advantagein learninga modelin C asopposedo learninga modelin H. The
answerto this questionis yes,andthe reasons thateventhougha modellearntin C, asmeasuredy the valueof the
classificatiorfunction f (x) for eachexamplex in the training set,canpotentiallybe learntin 7, the generalization
errorof C's modelwill tendto belowercomparedo a modeldirectly learntin 7. Thesefactsareprovenin therestof
this section.

LetX¢e = [Xc1, Xc2, . . . Xci 1 bethedatasetn space, andlet Xy = [Xy1, X2, - . . X | bethedatasetn spaceH.



SincethespaceC is subspacef H, we have

whereXp arethe conjunctive featuresrom all the exampleswhich arepruned.Sincewe arelearningalinearmodel,
the kernelfunction K (x, z) is equalto the inner product, < x - z >, thereforethe classificationfunction givenin
Equation5.2 canberepresenteth matrix notationfor anexamplex; as

f(xi) = Dex{ Xc + be,

whereDc is equalto [ac1, acs . .. el [y, V2. .. w17 . Similarly, Equation5.2 canberepresenteth matrix notation
for all theexamplesin thedataseX asfollows (assumindeave oneout classification):

f(Xe) = DeXEXe + be
Theclassificatiorof | examplesby learningalinearmodelin higherdimensionakpaceH canberepresenteds
f (X30) = DX}, X + by

whereDy; is themodellearntin thespaceH. Notethatthedimensiorof f (X¢) and f (X4) isthesameandrepresents
theclasdabelspredictedoy thetwo models.Thereforaf thetwo modelsareto beequivalent(in termsof classification
decisions)then f (X4) = f(X¢), andusingEquation5.2 andEquation5.2it shouldbethat

DuXJ Xy +by = DyXiXc+be
Dy = DeXpEXe(XqX2) ™t + (be — ba) (XL Xz) L.

Thus, an equivalentmodel exists in H provided that the initial examplesare linear independenti.e., (X;XH)*l
exists).

Eventhoughthe hypothesidearntin the lower order spacecanbe learntin the higherorderspace thereis still
meritin carryingoutfeaturereductionbecausef thefollowing argument.lt hasbeenshovn thatthebounddor error,
E Psrr, in SupportVectormachinesaredefinedby the formula[WMC*00]

1_| R?
ERPy < -E{—
= {M2}

where R is the radiusof the spherecontainingall the transformation®f the examples,M is the maximalmamin of
separatiorand E is the error of the classsifier Note that the radiusis computedon the transformedspacef{ i.e., in
caseof the polynomialkernelit will be calculatedin the expandedspace. Thereforechoosingthe featurespaceto
operatds atradeoff betweenachieving the maximumseparatiorM in the input examplesandnot addingtoo mary
redundantdimensionssothatthe valueof R goesup. This problemis even morecritical in the caseof conjunctive
attributesasthe dimensionalityof the transformedspacegrows exponentiallyasthe orderof conjunctionincreases.
Hence thoughwe do notgainin expressibilityof themodelby operatingn the prunedfeaturespacewe standto gain
by substantiallytighteningthe boundsontheerror.
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To get a betterunderstandingf this error boundandits relationshipwith the numberof featureswe ran some
experimentson syntheticdatasetswherewe studiedthe effect of increasinghe dimensionalityonthe accurag of the
SVM classifier Thedetailsof the experimentandtheresultsarepresentedn Section6.3.1.

6 Experimental Evaluation

In this sectionwe experimentallyevaluatedhedifferentcompositdeatureselectiortechniquepresentedn Sectioré.
We first describethe datasetsand the methodologyof our experiments. We then presentthe resultsfor different
schemesn conjunctionof two classifiers,C4.5 and SVM. Lastly we compareour schemeswith respectto other
schemesvhich usecompositdeatureswith the help variety of differentmetrics.

6.1 Dataset Characteristics & Methodology

To evaluatethe performancef differentselectionstratagyies,we conductedxperimentson the UCI dataset$MM98].
Tablel displaysthe differentcharacteristicef eachof the datasetsThereareessentiallyfour possibleclassification
schemedasedn differentcombination®f our compositdfeatureselectionstratgies. First, no duplicateelimination,
no discriminatoryfeatureselectionreferredasND-NS. Secondduplicationeliminationusingidenticalclassdistribu-
tion, but no discriminatoryfeatureselection eferredas| C-NS. Third, duplicateeliminationandusingconfidencdor
discriminatoryfeatureselection referredasl| C-Co. Lastly, duplicateeliminationandusingj-measue for discrimina-
tory featureselection referredas| C-JM. Besideghesefour selectionstratglieswe alsoranthetwo classifiersC4.5
andSVM directly onthe UCI datasets.

Dataset | No. Attributes | Number Number

Cont. | Disc. Classes | Examples
anneal 6 32 6 898
austra 6 8 2 690
breast 10 0 2 699
cleve 6 7 2 303
crx 6 9 2 690
diabetes 8 0 2 768
german 7 13 2 1000
glass 9 0 7 214
heart 13 0 2 270
hepati 6 13 2 155
horse 7 15 2 368
iris 4 0 3 150
labor 8 8 2 57
led7 0 7 10 3200
lymph 0 18 4 148
pima 8 0 2 768
tic-tac 0 9 2 958
wine 13 0 3 178
Z00 0 16 7 101

Table 1: UCI dataset statistics.

We performedour experimentsusinga 10 way crossvalidation schemeand computedaverageaccurag across
differentruns. We ran our experimentsusing a supportthresholdof 1.0% for all the datasetsgxcepthepat i,
hor se wherewe useda supportthresholdof 2.0% andfor | ynph and zoo we usedthe supportthresholdof
5.0%. This wasdoneto ensurethat the compositefeaturesgeneratedre statisticallysignificant. For decisiontree
classificationwe usea modifiedversionof c4.5classifiefQui93] thatcanhandlesparselatasetsSimilarly for SVM
classificationrwe useSVMLight [Joa99 classifierwith radialbasisfunctionkernel.
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6.2 Using C4.5 Classifier

Table?2 displaysthe accurag valuesandthe numberof featuresselectedor differentschemesvhenusedin conjunc-
tion with a c4.5 classifier Thefirst column, Direct, displaysthe resultsobtainedby directly runningc4.5 on these
datasets.The remainingcolumnsdisplaysthe accurag andthe numberof compositefeaturesselectedor different
classificationschemesThe averageaccuray is displayedat the bottomof the table. This tabledoesnot displaythe
schemdn which no duplicatepruningandno selectionND-NS becausehe sparsec4.5classifieris unableto handle
thelargenumberof compositdeatureswhich aregeneratedsa resultof no featureselection.

Dataset Direct IC-NS IC-Co IC-JM

Acc. | #Atr. Acc. #CF Acc. #CF Acc. #CF
anneal 94.76 38 | 97.44 8391 | 97.78 776 | 96.77 346
austra 85.22 14 | 84.64 | 133,218 | 82.75 6,096 | 83.77 1,929
breast 95.42 10 | 95.57 6,779 | 95.57 412 | 95.71 76
cleve 80.17 13 | 79.88 21,718 | 80.19 1,505 | 78.19 379
crx 84.93 15 | 84.06 | 184,472 | 84.35 8,447 | 83.91 2,641
diabetes| 76.18 8 | 75.39 823 | 76.96 109 | 77.35 54
german | 72.70 20 | 66.40 | 196,190 | 67.70 | 16,141 | 69.50 | 12,749
glass 65.97 9 | 73.96 731 | 75.35 178 | 76.71 63
heart 80.00 13 | 80.00 6,189 | 79.63 493 | 81.85 162
hepati 83.25 19 | 85.71 53,797 | 82.50 2,822 | 83.08 1,808
horse 82.92 22 | 81.27 47,315 | 80.97 4,204 | 80.38 2,492
iris 95.33 4 | 93.33 80 | 94.00 26 | 94.00 14
labor 79.00 16 | 87.67 1,134 | 89.33 193 | 87.33 91
led7 72.88 7 | 73.84 1,707 | 73.09 94 | 73.91 17
lymph 79.72 18 | 79.00 35,086 | 74.24 3,469 | 72.19 2,517
pima 74.22 8 | 77.61 781 | 77.09 100 | 77.34 49
tic-tac 98.64 9 | 98.02 17,021 | 97.49 3,343 | 97.91 2,546
wine 92.75 13 | 94.93 20,465 | 94.41 999 | 94.93 342
Z00 92.09 16 | 93.27 7,914 | 95.18 936 | 94.09 382
Avg. 82.95 83.52 83.41 83.44

Table 2: Results by using C4.5 Classifier.

After studyingthe Table 2 we can make the following obsenations. First, both the confidenceand j-measue
selectionschemegliminatea large numberof compositefeaturesascomparedhe ND-NSscheme.Sometimesthe
reductionis up to two ordersof magnitude.Of the two selectionschemesj-measue is far moreselectve in picking
compositdeaturesHoweverif we compargheaverageaccurag wefind thattheall theselectiorschemesutperform
the traditionalc4.5 approachalbeit by a small marmgin. Amongstthe differentselectionschemesthe schemeswith
only duplicateeliminationND-NSperformsthe best.

6.3 Using SVM Classifier

Table3 displaystheresultsobtainedby the SVM classifier Thefirst columndisplaystheaccurag valuesobtainedoy
directly usingthe SVM classifierandtheremainingcolumnsdisplaytheaccurag valuesandthe numberof composite
featuresobtainedby differentfeatureselectionschemeutlinedin Section6.1. The lastrow displaysthe average
accurag valuesfor differentclassificatiorschemes.

After studyingtheresultsTable 3 we canmalke the following obsenations. First, asmentionedn Section6.2 the
selectionschemesesultin a drasticreductionof compositefeaturesgivento the classifier However in the caseof
SVM classifierthe performanceof directclassifieris quite comparableo the otherfeatureselectionschemesin fact
only two scheme$C-NSandIC-CO have arerageaccurag morethanthatof thedirect SVM Classifier

6.3.1 Evaluation using Synthetic Dataset

To get thebetterunderstandingf the Equation5.2 andthe effect of dimensionalityon the error boundwe conducted
someexperimentsby generatingsyntheticdatasets.To keepthe analysissimple the syntheticdatasetcontainsjust
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Dataset Direct ND-NS IC-NS IC-CO IC-IJM

Acc. | #CF Acc. #CF Acc. #CF Acc. | #CF Acc. #CF
anneal 98.33 126 | 98.44 850,419 | 97.88 8,391 | 98.33 776 | 99.00 346
austra 85.80 51 | 86.38 616,885 | 86.96 | 133,218 | 86.09 | 6,096 | 85.80 1,929
breast 97.14 30 | 97.00 12,409 | 96.86 6,779 | 96.71 412 1 97.29 76
cleve 84.11 28 | 84.44 65,433 | 83.47 21,718 | 83.46 | 1,505 | 83.45 379
crx 86.09 55 | 86.67 | 1,154,453 | 86.52 | 184,472 | 86.09 | 8,447 | 84.49 2,641
diabetes | 77.35 16 | 78.14 1,055 | 78.53 823 | 78.53 ,109 | 77.87 54
german | 75.70 61 | 71.90 667,263 | 72.30 | 196,190 | 72.60 | 6,141 | 74.30 | 12,749
glass 75.33 21 | 78.61 2,638 | 78.12 731 | 75.28 ,178 | 73.46 63
heart 82.96 19 | 85.56 10,827 | 85.56 6,189 | 84.81 4493 | 82.96 162

hepati 84.38 34 | 79.29 | 1,170,213 | 81.21 53,797 | 81.21 | 2,822 | 85.79 1,808
horse 85.61 62 | 82.61 390,272 | 84.79 47,315 | 83.43 | 4,204 | 82.32 2,492

iris 93.33 13 | 94.00 ,129 | 94.00 80 | 94.00 26 | 93.33 14
labor 89.33 30 | 77.33 14,182 | 94.67 1,134 | 94.67 193 | 94.67 91
led7 72.41 15 | 71.25 1911 | 72.19 1,707 | 73.03 94 | 72.78 17
lymph 84.38 51 | 81.05 | 2,040,379 | 80.33 35,086 | 81.67 | 3,469 | 80.38 2,517
pima 77.34 16 | 78.77 1,041 | 79.04 781 | 78.52 100 | 78.52 49
tic-tac 95.41 28 | 98.54 21,368 | 98.54 17,021 | 96.97 | 3,343 | 97.70 2,546
wine 99.44 38 | 98.86 526,707 | 98.30 20,465 | 99.44 999 | 98.86 342
Z00 96.00 37 | 97.00 | 1,398,654 | 92.09 7,914 | 96.00 936 | 96.00 382
Average | 85.61 85.57 85.68 85.67 85.58

Table 3: Results by using SVM Classifier

two classes.The attributesmaking up the datasefare of two kinds, relevant andirrelevant. The relevant attributes
influencethe classlabel, whereasdrrelevantdon't, and canbe thoughtof asnoise. For our experimentswe restricted
the numberof relevant attributesto threeandvariedthe numberof irrelevant attributes. The cardinality (numberof
attribute values)of the relevantandirrelevant attributesis the same,equalto four andeachof the attribute valueis
equallylikely, i.e., uniform distribution of attribute valuesfor all the attributes.

The classificatiorfunction, which determineghe class labebf anexample wasconstructedothatthe class label
depend®nly on the conjunctsof the relevantattribute values.Sincetherearethreerelevantattributeseachwith four
possibleattribute valueswe canhave 64 possibleconjuncts.These64 conjunctsareequallydividedinto two setswith
eachsetcorrespondindgo one particularclasslabel. Henceboththe classesare equallylikely andaredeterminedoy
the setin which the conjunctof the relevantattributesbelongs. Furthermorewe have taken careto ensurethat the
classdistribution with respecto singlerelevantattribute valueis uniform. In otherwordsthe conditionalprobability
of class labeljiventhe value of singlerelevantattribute is 0.5, whereaghe conditionalprobability of a class label
givenall threerelevantattribute valuesis 1.0.

The numberof non-relevantattributescontrolthe dimensionalityof the problem. To make the datasetealisticwe
alsoaddedsomenoiseto theclassificatiorfunction,theamountof noiseis controlledby a parametecalledR valug R
refersto therandomnessWhile assigninghe class labeto anexamplefor mostof thetime we usethe classification
function,howeveroncein awhile we inverttheresultof the classificatiorfunction. Specifically if we settheR value
to be0.95,thenfor 95%of timeswe will assigrtheclass labebccordingo the classificatiorfunctionand5% of times
we will invertthe classlabel. ThoughR valuedoesnot changethe dimensionalityof the problemit makesthe dataset
morerealistic.

In our experimentswie build adirectSVM classifierusingpolynomialkernelwith thed (maximumdimensionality)
= 3. Similarly, we run of classificationschemen which the maximumsize ofthe compositefeatureis restrictedto
3. The supportthresholdfor FIDA is setto 1.00%, this ensureghatall possiblecompositefeaturesof length3 are
discovered. In our experimentswe vary the R value from 1.0, meaningno noise,to R value of 0.7, we alsovary
the numberof irrelevant attributes,startingfrom 0 indicatingno irrelevant attributesto 25 irrelevantattributes. The
numberof irrelevantattributescontrol the dimensionalityof the problem,To keepthe discussiorsimplewe only use
IC-CO andIC-JM selectionschemes.

The resultsof theseexperimentsare shavn in Figure4. The figure containsfour graphsfor differentR values

13



Accuracy Comparison for R=1.0 Accuracy Comparison for R=0.9
120 120
g 100 = == = o Direct g 100 —e— Direct
§ 80 —=— IC-Co g 80 \'\. —m—IC-Co
S 6 \ —&—IC-IM & \\ —&—IC-IM
g T g — .
40 T T T T T 40 T T T T T
0 5 10 15 20 25 0 5 10 15 20 25
Number of Irrelevant Attributes Number of Irrelevant Attributes
(a) Accuracy Values for R=1.0 (b) Accuracy Values for R=0.9
Accuracy Comparison for R=0.8 Accuracy Comparison for R=0.7
120 120
> >
8 100 —e— Direct 3 100 —e— Direct
§ 80 A & —= —m—IC-Co § 80 —@—IC-Co
% . Y\\ﬁ —A— IC-IM :‘%', 60 m A— IC-IM
£ \‘\M.‘ < \%‘
40 T T T T T 40 T T T T T
0 5 10 15 2 25 0 5 10 15 20 2
Number of Irrelevant Attributes Number of Irrelevant Attributes
(c) Accuracy Values for R=0.8 (d) Accuracy Values for R=0.7

Figure 4: Accuracy values for Direct, IC-Co, IC-JM classifications schemes across varying number of irrelevant attributes and

different values of R.

eachgraphcontainsthreelines correspondingo the threeclassificatiorschemesDirect, IC-CO andIC-JM. The X-

axis representshe numberof irrelevant attributesandthe Y-axis representshe accurag obtained. After studying
the Figure 4, we can make coupleof inferences.First, the accurag of the Direct schemeis greatly influencedby
the numberof irrelevantattributes, if we studythe Figure4 (a) we obsene thatthe theDirect schemewhich starts
off with the accurag of 100% (i.e, with no irrelevant attributes)dropssharplyto 50% asthe numberof irrelevant
attributesis increasedo 10. On the contrarythe compositefeatureshasedschemesgspeciallythe schemdC-CO,

shav considerableesilienceagainstthe numberof irrelevant attributes. The accurag of IC-CO dropsonly to 80%
when25irrelevantattributesareadded.Similarly compositdeaturebasedschemesarealsomoreresilientto thenoise.
Second,we obsene that the IC-CO schemesutperformsthe IM-JM schemethis could be becauséhe j-measue
schemds moreselectve aboutselectingcompositefeaturesandhencecouldresultin pruningof usingfeatures

6.4 Overall Comparison of Schemes

In this sectionwe comparethe accurag valuesof all our schemeswith the native classifieraswell astwo other
schemedasedon compositefeatures namelyCBA [LHM98] and CMAR [LHPO1]. To comparethe classification
schemescrossdifferentdatasetave usevariety of criteria. Eachof thesecriterion assigna single numericvalue
for eachclassificationschemej.e., the criteria function assignsa sing value to every accurag columnin Table 4.
Oncethe criteriahasbeencomputedve cancomparedifferentclassificationscheme$y comparingthe valueof this
criteriafunction. We have usefour criterial) Average Accuracy: Thisis computecdby takingmeanof accurag across
differentdataset$or eachclassificatiorschemethoughthis metricis easyto understandt is biasedoy themagnitude
of theaccuray. 2) Average Deficiency: We first computethe maximumattainableaccurayg for eachdatasetcross
the differentclassificationschemes.Thenfor eachdataseive computethe deficieng, which is oneminusthe ratio
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of accurag attainedandthe maximumattainableaccurag for that datasetthe averagedeficieny is the averageof
over all datasetsideally we would lik e this valueto be ascloseto 0.0 aspossible jmplying the accurag is equalthe
maximumattainableaccurag. 3) Average Rank: Thisis a non parametrianetric, we first computethe rank on each
datasetacrosdifferentclassificatiorschemegpositionin the orderedsequencefor eachdatasetthe averagerankis
the averageof all ranks,this valueshouldbe aslow aspossible.4) Numberof Max Datasets:This metriccomputes
the datasetgor which a particularschemeachiezesthe maximumaccurag. Again we would like this valueto be as

highaspossible.

Dataset CBA | CMAR C45 SVM

Direct | 1C-NS | IC-CO | IC-JM | Direct | ND-NS | IC-NS | 1C-CO | IC-JM
anneal 9700 | 9730 | 94.76 | 9744 | 97.78| 96.77 | 9833 | 9844 | 9789 | 9833 | 99.00
austra 84.90 | 86.10 | 8522 | 84.64| 8276 | 83.77| 8580 | 86.38| 86.96 | 86.09| 85.80
breast 96.30 96.40 95.42 95.56 95.57 95.71 97.14 97.00 96.86 96.71 97.29
cleve 82.80 82.20 80.17 79.88 80.19 78.19 84.11 84.44 83.47 83.46 83.45
crx 8470 | 84.90 | 84.93| 8406 | 8435| 8392| 86.00| 8667 | 8652 | 86.09| 84.50
diabetes 7450 | 7580 | 76.18 | 7539 | 76.96| 77.35| 77.35| 78.14| 7853 | 7853 | 77.88
german 73.40 74.90 72.70 66.40 67.70 69.50 75.70 71.90 72.30 72.60 74.30
glass 73.90 70.10 65.97 73.96 75.35 76.71 75.33 78.61 78.12 75.28 73.46
heart 81.90 82.20 80.00 80.00 79.63 81.85 82.96 85.56 85.56 84.82 82.96
hepati 81.80 | 8050 | 8325 | 8571 | 8250 | 83.08| 8438| 79.29| 81.21| 8121 | 8579
horse 8210 | 82.60 | 8292 | 81.27| 8097 | 80.38| 8561 | 8261 | 8479 | 8343 | 82.32
iris 94.70 94.00 95.33 93.33 94.00 94.00 93.33 94.00 94.00 94.00 93.33
labor 86.30 89.70 79.00 87.67 89.33 87.33 89.33 77.33 94.67 94.67 94.67
led7 7190 | 7250 | 72.88| 73.84| 73.00| 7391| 7241 | 7125 7219 | 73.03| 72.78
lymph 7780 | 8310 79.72| 79.00| 7424 | 7219| 8438| 81.05| 80.33| 81.67| 80.38
pima 7290 | 7510 | 7422 | 7761 | 77.09| 77.35| 77.34| 7878 | 79.04| 7852 | 7852
tic-tac 99.60 99.20 98.64 98.02 97.50 97.91 95.41 98.54 98.54 96.97 97.70
wine 95.00 95.00 92.75 94.93 94.41 94.93 99.44 98.86 98.30 99.44 98.86
700 96.80 | 97.10 | 92.00 | 9327 | 9518 | 94.09| 96.00| 97.00| 92.09 | 96.00 | 96.00
Average 83.90 84.38 82.95 83.52 83.41 83.44 85.61 85.57 85.68 85.67 85.58
Avg. Def. 3.71 314 | 467 | 412 424 | 416 | 162 250 | 156 1.59 1.70
Avg.Rank | 6.90 58 | 715| 7.95 775 | 755 | 430 450 | 4.05 4.00 455
#Max Acc 1 1 1 0 0 1 4 3 3 3 4

Table 4: Overall comparison of accuracy.

Table4 displaystheaccurag values asmentionedarliertheidealschemeshouldhave alargevaluefor the metrics
and Average and# MaximumAccurate andaslow valuefor Average Rankand Average Deficiency The maximum
valuesfor eachof the metricsare displayedin bold, it canbe seerthat eachmetric choosesa differentschemeas
its best. However we canclearly infer thatthe SVM basedscheme®utperformotherschemesamongsisvm based
schemesheresultsareextremelyclosewith thel S-JMhaving a slightedge.

7 Conclusion

In this paperwe presenteca numberof classificationalgorithmsthat use frequentitemsetsto expandthe feature
spaceand evaluateda variety of schemedor selectingdiscriminatingcompositefeatures. Our experimentalresults
shawv thatthe proposedschemegansubstantiallreducethe numberof compositfeaturesused which improvesthe
classificationaccurag. Moreover, we have both analytically and experimentallyshavn that the prunedcomposite
featurespacereduceghegeneralizatiorerrorobtainedby supportvectormachinesleadingto betterclassifiers.
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