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Abstract. Featureselectionfor unsupervisedasksis particularly challenging,
especiallywhen dealingwith text data. The increasein online documentsand
email communicationcreatesa needfor tools that can operatewithout the su-
pervisionof the user In this paperwe look at novel featureselectiontechniques
thataddresghis need.A distributional similarity measurdrom informationthe-
ory is appliedto measurdeatureutility. This utility informsthe searchfor both
representatie and diversefeaturesin two complementaryways: CLUSTER di-
videsthe entirefeaturespacepeforethenselectingonefeatureto represeneach
cluster;and GREEDY incrementghe featuresubsetsize by a greedily selected
feature.In particularwe found that GREEDY's local searchis suitedto learning
smallerfeaturesubsetizeswhile CLUSTER is ableto improve the global qual-
ity of largerfeaturesets.Experimentswith four email datasetsshav significant
improvementin retrieval accurag with nearesheighboumbasedsearchmethods
comparedo anexisting frequeng-basednethod Importantlyboth GREEDY and
CLUSTER male significantprogressowardstheupperboundperformanceetby
astandardsupervisedeatureselectionmethod.

1 Intr oduction

Thevolumeof text contentonthe Internetandthewidespreadiseof email-based¢om-
municationhave createda needfor text classification clusteringand retrieval tools.
Thereis also growing researchinterestin email applications,both within the Case-
BasedReasoning({CBR) community [6,12] and more generallyin Machine Learn-
ing [15]. Fundamentato this interestis the challengeposedby unstructureccontent,
large vocahulariesandchangingconceptsUnderstandablynuchof theresearcheffort
is directedtowardsmappingtext into structuredcaserepresentationsoasto facilitate
meaningfulabstractioncomparisonretrieval andreuse.

Featureselectionplays animportantrole for the indexing vocalulary acquisition
task.Oftenthis initial selectioncanbe eitherdirectly or indirectly appliedto identify



representatie dimensionvith which structureccasecanbeformedfrom unstructured
text data.Applied directly, eachselectedeaturecorrespond$o adimensionin thecase
representationVhenappliedindirectly, selectedeaturesarefirst combinecdto identify

new featuresin a processeferredto asfeatureextractionbeforethey canbe usedas

dimensiondor caserepresentatiofd, 25]. Although featureextractionis undoubtedly
more effective thanfeatureselectionat capturingcontext, our experiencesith super

visedtaskssuggestshat featureselectionis animportantcomplementaryprecursoito

the extraction phase[24]. In this paperwe areinterestedn featureselectionapplied
directly to derive caserepresentationfor unsupervisedasksinvolving text data.

Featureselectiorreduceslimensionalitypy removing non-discriminatoryandsome-
timesdetrimentalfeaturesand hasbeensuccessfuln improving accurag, efficiency
and comprehensionf learnedmodelsfor supervisedasksin both structured[8, 10]
andunstructuredlomaing26]. Featureselectionn anunsupervisedettingis far more
challenging,especiallywhen dealingwith text data. Typical applications(e.g. email,
helpdeskonline reports)involve clusteringof text for retrieval and maintenanceur-
poses.The exponentialincreasein on-line text contentcreatesa needfor tools that
canoperatewithout the supervisionof the user However, in spiteof this need,current
researchn featureselectionis mainly concernedvith supervisedasksonly.

The aim of this paperis to apply unsupervisedeatureselectionto text data.We
introducefeatureselectionmethodshatareapplicableto freetext contentasin emails
andto texts thataresub-partof semi-structuregiroblemdescriptionsThe latter form
is typical of reportssuchasanomalydetectionor medicalreports.Analysisof similar
wordsandtheir neighbourhoodgrovide insightinto vocalulary usagen the text col-
lection. This knowledgeis thenexploited in the searchfor representatie yet diverse
featuresln a GREEDY searchthe next bestfeatureto selectis onethatis a goodrep-
resentatie of someunselectedvords,but alsounlike previously selectedvords. This
proceduremaintainsrepresentatienesswhile ensuringdiversity by discouragingre-
dundantselectionsGreedysearchcanof courseresultin locally optimal, yet globally
non-optimalfeaturesubsetsTherefore a globally informed search,CLUSTER selects
representatie featuresrom word clusters.

Centralto featureselectiormethodsntroducedn this paperds the notion of simi-
larity betweenwords.Word co-occurrencéehaviour is a goodindicatorof word sim-
ilarity, however co-occurrencedataderived from textual sourcesis typically sparse.
Hence distancemeasuresnustassigna distanceo all word pairs,whetheror not they
co-occurin thedata.Distributionalsimilarity measuregobtainedrom informationthe-
ory) achieve this by comparingco-occurrencéehaiour on a separatedlisjoint set of
target events[18]. In this papereventsare all otherwords. Intuitively, if a group of
wordsaredistributedsimilarly with respecto otherwordsthenselectingasinglerepre-
sentatve from aneighbourhooaf wordswill mainly eliminateredundantnformation.
Consequentlythis selectionprocesawill not hurt caserepresentatiorut will signifi-
cantlyreducedimensionalityA furtheradvantageof exploiting co-occurrencgatterns
is thatit providescontextual informationto resolve ambiguitiesin text suchassimilar
meaningvordsthatareusednterchangeabl{synoryms)andthesameword beingused
with differentmeaningpolysemies)In bothsituationssimilar casesanbeoverlooked
duringretrieval if thesesemantiaelationshipsareignored.



Section2 present®xisting work in unsupervisefeatureselectionrandwork related
to distributional distancemeasuresand clusteringbasedindexing schemesNext we
establishour terminologybeforepresentinghe baselinemethodin Section3. Details
of distributional distancemeasuresandthe role of similarity for unsupervisedeature
selectionis discussedn Section4. Section5 introduceghetwo similarity-basedelec-
tion methodsGREEDY andCLUSTER. Experimentatesultsarereportedon four email
dataset$n Section6, followedby conclusionsn Section?.

2 RelatedWork

Featureselectiorfor structureddatacanbe categorisedinto filter andwrappemethods.
Filters are seenas datapre-processorand generally unlike wrapperapproachesjo
not requirefeedbackfrom the final learner As a resultthey tendto be faster scaling
betterto large datasetsvith thousand®of dimensionsastypically encounteredn text
applications.Comparatie studiesin supervisedeatureselectionfor text have shovn
heuristicsbasedon InformationGain (IG) andthe Chi-squaredstatisticto consistently
outperformlessinformative heuristicsthatrely only on word frequeng counts[26].

Unlike with supervisednethodscomparatie studiesinto unsupervisedeaturese-
lection are very rare. In fact, to our knowledgetherehasonly beenone publication
explicitly dealingwith unsupervisedeatureselectionfor text data[16]. Generally
existing unsupervisednethodstend to rely on heuristicsthat are informed by word
frequeny countsover the text collection. Although frequeng canbe a fair indicator
of featureutility it doesnot considercontextual information.Ignoring contect canbe
detrimentafor text processingasksbecaus@ambiguitiesn text canoftenresultin poor
retrieval performanceA goodexampleis whendealingwith polysemouselationships
suchas “financial bank” and “river bank”, wherethe word frequeng for “bank” is
clearlyinsufficient to establishits context andhenceits suitability for indexing or case
comparison.

In Textual Case-Base®&easonind TCBR) researchj22] the reasoningprocessan
beseernto generallyincorporatecontextual informationin two ways:aspartof anelab-
orateindexing mechanisni2]; or as part of the caserepresentatiorji24]. The latter
requiressimpler retrieval mechanismshenceis a good choice for genericretrieval
frameaworks; while the former, althoughbetterat capturingdomain-specifidnforma-
tion, is moredemandingf theretrieval processA furtherdistinguishingcharacteristic
of TCBR systemsis the different levels of knowledge sourcesemployed to capture
contet [14]. Theselevels vary from deepsyntacticparsingtools and manually ac-
quiredgeneratie lexiconsin the FACIT framework [7]; to semi-automatedcquisition
of domain-specifithesauriwith the SMILE systemio automatedtlauseextractionex-
ploiting keyword co-occurrencgatterndn Psi [25]. Of particularinterestto this paper
is the captureof co-occurrencédased,contectual information within the caserepre-
sentation.Currentresearchin this areais focusedon featureextraction,which unlike
featureselectionaimsto constructnew featuresfrom existing featureslnterestin this
areahasresultedn extractiontechniquegor both supervisede.g. [25,27]) andunsu-
pervisedsettings(e.g. [4, 11]).



In text classificationand appliedlinguistic researchthe problem of determining
contet is commonly handledby employing distributional clusteringapproachesin-
troducedn theearlyninetiesfor automatedhesaurugreation[18], distributionalclus-
tering hassincebeenwidely adoptedor featureextractionwith supervisedasks,such
astext classification[1, 20]. Word clustersare particularly useful becauseontetual
informationis madeexplicit by groupingtogethemwordsthataresuggestie of similar
context. Additionally, word clustersalsoprovide insightinto vocahulary usageacross
the problemdomain.Suchinformationis essentialf representatie featuresareto be
selectedOf particularimportancefor word clusteringaredistributional distancemea-
sures.Thesemeasuresascertaindistanceby comparisonof word distributions condi-
tioned over a disjoint target set. Typically, classlabelsare the set of tagetsand so
cannotbe appliedto unsupervisedasks.

Thetextual caseretrieval systemSoPHIA introduceda novel approacho combin-
ing distributionalword clusteringwith textual casebaseindexing [17]. Herefeaturedis-
tanceis measuredy comparingword distributionsconditionedon otherco-occurring
words(insteadof classlabels).Indexing is enabledy identifying seedfeatureghatact
ascaseattractorsThey amguethat seedfeaturesarethosethathave non-uniformdistri-
butionshaving low entropy, referredto asspecificword contexts. However the entropy
basedmeasurecannotdistinguishbetweerrepresentatie and diversefeatureseven if
they have specificcontexts.

In structuredCBR, clusteringis commonlyemployed asa meansto identify rep-
resentatie anddiversecasedor casebas@ndexing. A goodexampleis the footprint-
drivenapproactj21] whereafootprint caseis: representatie of its neighbourhoodbe-
causeof its influence;anddiversebecausds areaof competenceannotbe matchedy
ary othercase This notionof identifying diverseyet representatie caseshasalsobeen
exploitedin casebaseaintenancé¢s, 23].

In summarythe representatienessanddiversity of an entity canbe measuredy
analysingits neighbourhoodln this paperthe entity is the featureand representatie-
nessanddiversityarealsoimportantfor featureselection Centralto featureneighbour
hoodanalysisis a gooddistancemetric. Whenfeaturesarewords, the distancemetric
musttake context into account.Distributional distancemeasureslo this by exploiting
word co-occurrencéehaiour.

3 FrequencybasedUnsupelvised Feature Selection

We first introducethe notationusedin this paperto assistpresentatiorof the different
featureselectiontechniqueslet D bethe setof documentand)V the setof features,
which are essentiallywords. A documentd is representedy a featurevector x =

(z1,...,z)y)), Of frequenciesn d of wordsfrom W [19]. In someapplicationsthe

frequeng informationis suppressedn which casethe z; arebinaryvaluesindicating
thepresencer absencef wordsin d. Themainaimof unsupervisefeatureselectioris

to reduce/WV| to asmallerfeaturesubsesizem by selectingeaturesankedaccording
to someutility criterion.The selectedn featureghenform areducedwvord vocahulary

setW’, whereW' C W and|W'| « |W|. Thenew representationf document is the

reducedword vectorx’, which haslengthm.



Frequeng countsare often usedto gaugefeatureutility particularlyin an unsu-
pervisedsetting.The Term Contritution ( 7c) is onesuchmeasureshaving promising
resultsin [16]:

Te(w) = ZF(w,di) * F(w,d;)
il—‘#,Jj

F(w,d) = f(w,d) x logy !

Here F' computeghetf*idf scorewhichis a measuref the discriminatorypower of a
word givenadocumentTermfrequeng f is thewithin documenfrequeng countof a
featureandn is the numberof documentsontainingfeaturew. Tc¢'s frequeng based
rankingandselectionof featureds the baseline featureselectionmethodusedin this
paperandwe will referto it asBASE (Figurel).

m = featuresubsesize
BASE
Foreachw; € W
calculateTc scoreusingD
sortW in decreasingrderof Te scores
W ={wi,...,wm}
ReturnWy/’

Fig. 1. Featureselectiorwith T¢ basedanking.

Te will typically rank frequentwordsappearingn fewer documentsabove those
appearingn a majority of documentsin this way the BASE methodwill attemptto
ignore overly frequent(or rare) featureslts main drawbackis its inability to address
the needfor both representatie and diversefeatures.This leadsto selectionof non-
optimaldimensionghatfail to sufficiently capturethe underlyingdocumentontent.

4 Roleof Similarity for UnsupewisedFeature Selection

A representatie featuresubsetis one that can discriminatebetweendistinct groups
of problem-solvingsituations.In a classificatiorsetting,thesegroupsareidentifiedby

their classlabelsandaretypically exploited by the featureselectionprocessHowever
in the absencef classknowledge,we needto identify andincorporateotherimplicit

source®f knowledgeto guidethe searcHor features.

Similar problemsituationsaretypically describedy a similar setof featureform-
ing anoperationalocalulary subsetWhenthesesubsetarediscoveredthe searchor
featurescanbe guidedby similarity in problemdescriptionsin particularknowledge



aboutfeaturesimilarity enableghe searchprocesgo addresdoththe needfor repre-
sentatve anddiversefeaturesThequestiorthenis how dowe definesimilarity between
featuresA goodstartingpointis to analysdeatureco-occurrenceatterndecausdea-
turesthat are usedtogetherto describeproblemsare morelikely to suggesthe same
operationalvocahulary subsethanfeatureshatrarely co-occur In therestof this sec-
tion we look at how featureutility canbe inferredfrom similarity knowledgeextracted
from featureco-occurrenc@atterns.

4.1 Feature Utility Measures

Foragivenwordw € W, ourfirst metricestimatesheaveragepairwisedistanceDist
betweenw andits neighbourhoodf k£ nearestword neighbours.

S 1
Dist(w, A, k) = % Z Dist(w,wn)
wn € Ng(w,A)

where Ny, returnsthe & nearesheighboursof w choserfrom A CW, and Dist is the
distanceof w from its neighbourwy . Lower valuesfor Dist suggestsepresentatie
wordsthatarecentrallyplacedwithin denseneighbourhoods.

An obvious distancemeasurefor words s to considerthe numberof timesthey
co-occurin documentg19]. However the problemwith sucha straightforward co-
occurrenceountis thatsimilarwordscanbe mistalenasbeingdissimilarbecausehey
may not necessarilyo-occurin the availabledocumensetD. Thisis typical with text
dueto problemswith sparsenesgl].

4.2 Distributional DistanceMeasures

Often, relatedwords do not co-occurin ary documentin a given collection, dueto
sparsityandsynorymy. This limits the usefulnes®f similarity measure®asedpurely
on simpleco-occurrenceDistributional distancemeasuresircumventthis problemby
carrying out a comparisonbasedon co-occurrencevith membersof a separatelis-
joint targetset[18]. Appliedto text, theideameasureslistancedbetweerword pairsby
comparingtheir distributionsconditionedover the setof otherwords.Sincethe condi-
tioning is undertalen over a separatalisjoint set, distancedetweennon co-occurring
word pairsneedno longerremainunspecified.

Let us first demonstratehe intuition behind distributional distancemeasuresy
consideringthreewords,a, b and¢, andtheir fictitious word distribution profiles(see
Figure2). The x-axis containsa setof targeteventsw;, while the y-axis plotsthe con-
ditional probabilitiesp(w;|w), for w = a,b,c. Comparisonof the three conditional
probabilitydistributionssuggests highersimilarity betweeru andb (comparedo pro-
filesof @ andc). Whentargeteventsonthex-axisarewords,thenacomparisorbetween
conditionalprobability distributions providesa similarity estimatebasedon word co-
occurrencepatterns.The next questionthenis how canwe measuralistancebetween
featuredistributions.

Let ¢ andr be two featuresfrom W whosesimilarity is to be determined.For
notationalsimplicity we write g(w;) for p(w;|lw = ¢) andr(w;) for p(w;|lw = r),
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Fig. 2. Conditionalprobability distribution profiles.

wherew; € W \ {g,r} andp denotesprobabilitiescalculatedfrom the training data
D. Researchn linguistics hasshowvn that the a-Skew metric is a useful measureof

thedistancebetweernword distributions,whenappliedto thetaskof identifying similar

nounpairs[13]. It is arguedthatthe asymmetricnatureof this distancemeasurds ap-
propriatefor word comparisonssinceoneword (e.g.‘fruit’) maybea bettersubstitute
for another(e.g. ‘apple’) thanvice-versa.Herewe adoptthis metricto compareword

distributionsandtherebydeterminghedistancerom word¢ € W towordr € W.

. r(w;)
Dist(q,r) ;r(w,)logq(wi)
is the Kullback-Leibler(KL) divergencewhichis derived from informationtheory It
measureshe averageinefficiengy in usingr(w;) to codefor g(w;) [3].

In our context, a large valueof Dist(q,r) would suggesthattheword ¢ is a poor
representatie of thewordr, but not necessarilyice-versa However, the Dist is unde-
finedif thereareary wordsfor which g(w;) = 0, butr(w;) # 0. The a-Skew metric
avoidsthis problemby replacingg with ag + (1 — a)r, wherethe parameter is less
thanone.In practice,our Dist is the a-Skew metricwith a = 0.99, assuggestedn
[13].

5 Similarity basedUnsupenisedFeature SelectionMethods

Dist is the simplestmeasurahatcanbe employedto rank featuresHowever, we wish
to useit sothata diverseyet representatie setof featuresis discovered.This canbe
achievedin two alternatvely ways:a GREEDY searcththatis locally informed;oramore
globallyinformedCLUSTER-basedsearch.

5.1 GreedySearh for Features

What we proposehereis a greedylocal searchfor the bestfeaturesubset.At each
stage the next featureis selectedo be both representatie of unselectedeaturesand
distantfrom previously selectedeaturesThefeatureutility scoreFus;,, combineghe
averageneighbourhoodlistanceDist from both the selectedand unselectedeature
neighbourhoodasfollows:

_ Dist(w, S, k)

Fus = =
e(w) Dist(w,U, k)



whereld C W containspreviously unselectedeaturesandS = W \ U contains
previously selectedeaturesHerethe numeratopenalisesedundanfeaturesvhile the
denominatorewardsrepresentatie features.

The Fus;, basedrankingandselectionof featureds the first unsupervisedeature
selectiommethodintroducedn this paperandwe will referto it asGREEDY (Figure3).
Unlike Te, Fusy’'s relianceon distributional distancego captureco-occurrencee-
haviour undoubtedlymakesit far morecomputationallydemandingHowever this cost
is justified by Fus,’s attemptto addresghe needfor both representatie and diverse
featuresOneproblemthoughis that GREEDY is a hill-climbing searchwherethe deci-
sionto selectthe next bestfeatureis informedby local information,henceit canselect
featuresubsetshat,althoughlocally optimal,canneverthelesdeglobally non-optimal.

m = featuresubsesize
S=0;u=w
GREEDY
Repeat
Foreachw; € U
calculateFus; score
sortl{ in decreasingrderof Fus;, scores
w; = toprankedfeaturein ¢/
S=SU {wj}
U=U\{w;}
until (|S| =m)
w =8
ReturnW'

Fig. 3. GREEDY methodusingFus; basedanking.

5.2 Clustered Search for Features

Clusteringof words providesa global view of word vocahulary usagein the problem
descriptionspace Eachclustercontainswords that are contectually more similar to
eachotherthanto wordsoutwith their own cluster Partitioningthefeaturespacen this
way facilitatesthe discovery of representatie featuredbecauseachclustercannow be
treatedasa distinctsub-partof the problemdescriptionspace.

We usea hierarchicalgglomeratre (bottom-up)clusteringtechniquewhereatthe
beginning every featureforms a clusterof its own. The algorithmthenunitesfeatures
with greatessimilarity in smallclustersandtheseclustersareiteratively memgeduntil m
numberof clustersareformed. The decisionto memge clustersis basedon the furthest
neighbourprinciple, wherethosetwo clusterswith leastdistancebetweentheir most
dissimilarclustermembersaaremeiged.Typically, this form of clustermegingleadsto
tightly boundandbalancedvord clusters.



Merging of clustersrequiresthat a distancemetric is in place.For this purpose
we usethe Dist metric from Section4. However, we mustfirst addresghe question
of how to dealwith the asymmetricahatureof this metric whencomparingdistances
betweenmembersf separatelusters.Thereare essentiallythreewaysin which the
two distancesanbe consolidatedusethe maximum;the minimumor the average We
adwcatethe maximumdistancewhich combineswith thefurthestneighbourprinciple
to form clustersin which thereareno large distances.

control

pc

bus control

Fig. 4. Maximumdistance. Fig. 5. Minimum distance.

Figures4 and5 illustrateshow the choiceof distancesanaffect the final cluster
structureln this example clustersareformedwith keywordsextractedfrom aPC-Mac
hardware FAQs mailing list. A closerlook at the five word clustersformedusingthe
maximumof theassymetricatlistancébetweerafeature-paisuggestshattheresulting
groupsarenotonly semanticallyneaningful(e.g.clustermembershipf “dos”) but are
alsomorebalancede.g.numberof wordsin a cluster).

Onceclustersareformedwe needa mechanisnto uniformly selectonerepresenta-
tive featurefrom eachcluster In Figures4 and5 underlinedwordsindicatesuchrepre-
sentatves(often referredto asclustercentroidsor seeds)Previously, we statedthata
representatie featureis identifiedby its placemenwithin denseneighbourhooddJs-
ing this sameideaandthe Dist metricin Section4 we estimatethe representatieness
of featurew within a clusterC asa function of the averagepair-wise distancebetween
itself andits clustermembers:

FUSC(U)) = (1 - m(waca |C|))

Thesecondiunsupervisefkatureselectiormethodntroducedn this paperis CLUS-
TER. It useghe Fus; scoreto rankfeaturesn a cluster choosingw with highestFus,



from eachcluster The main stepsappearin Figure 6. Here the numberof clusters
formedis equalto the desiredfeaturesubsetsize, m. This determineshe stopping
criterionfor clustering.Like GREEDY, CLUSTER alsoaddressethe needfor represen-
tativenessanddiversity, however, we expect CLUSTER to have an edgeover GREEDY
becausdts selectionis influencedmoreglobally.

m = featuresubsesize
W =0
generatesetof word clusters{Ci, . ..,Cn}
CLUSTER
ForeachC; C W
w; = featurewith maxFusc in C;
W =W U w;
ReturnW’

Fig. 6. CLUSTER methodusingFuse basedanking.

6 Evaluation

Wewishto determingheeffectivenes®f thetwo similarity-basedearchefor features,
comparedo thefrequeng-basedsearch:

— GREEDY, introducedn this paperwith rankingusingFusy, * (Figure3);

— CLUSTER, alsointroducedn this paperexploits clusteringandrankingusingFuse
(Figure6); and

— BASE, thebaselinewith rankingon T'c (Figurel).

The Tec-basedrankingusedby BASE is the only unsupervisednethodthat hasup to
now beenshown to perform betterthan the basicdocumentfrequeny andthe term
strengthmethodq16]. We would hopeto significantlyimprove uponthe performance
of BASE. Now the upperboundfor ary unsupervisedechniquds its superviseadoun-
terpart, therefore,we also compareall our unsupervisednethodswith the standard
IG-basedSUPERVISED featurerankingandselectionmethod.

It is generallyharderto carry out empiricaltestingwithin atruly unsupervisedet-
ting comparedo a supervisedne. This is becausethe absencef supervisedabels
calls for alternatve sophisticatedevaluationcriteria, suchas comparisonof retrieval
rankingsor establishingneasuresf clusterquality. Instead we appliedour unsuper
vised methodson labelleddataignoring labelsuntil the testingphase Essentiallywe
are exploiting classlabelsonly as a meansto evaluateretrieval performancewhich
indirectly measureshe effectivenessf the caserepresentationiNote that we are not
interestedn producinga supervisecdlassifier

1 In our experimentk=15is usedasFus;,’s neighbourhoodize.



Experimentswere conductedon 4 datasetsall involving email messagesEach
emailmessag®elongsto onemail folder. Herefoldersarethe classlabels.As in pre-
vious experimentswe usedthe 20Nevsgroupscorpusof 20 Usenetgroups[9], with
1000 postings(of discussionsgueries,commentsetc.) per group, to create3 sub-
corpuseg24]: SCIENCE (4 sciencerelatedgroups);REC (4 recreatiorrelatedgroups)
andHw (2 hardware problemdiscussiorgroups,oneon Mac, the otheron PC). With
eachsub-corpughe groupswere equally distributed. A further setof 1000 personal
emails,usedfor Spamfiltering researcHormsthe final datasetlJSREMAIL, of which
50%areSpam(5].

We createdl5 equal-sizedlisjoint train-testsplits. Eachsplit contains20% of the
full datasetselectedandomly but constrainedo presere the original classdistribu-
tion. All text waspre-processely remaving stopwords(commonwords)andpunctu-
ationandtheremainingwordswerestemmedin theinterestof reducingtime takenfor
repeatedrials, theinitial vocalulary sizewascutdown to asubsetomposeaf the500
mostand500 leastdiscriminatingwords (usinglG). Thesel000wordsthenform W.
An effective featureselectionmethodshouldeliminatethe non-discriminatingwords
and assemblea representatie and non-redundantombinationof the discriminating
ones.

The effectivenesof featureselectionis directly reflectedby the usefulnesf the
caseepresentationbtainedThereforecaseaepresentationderivedby GREEDY, CLUS-
TER, BASE and SUPERVISED arecomparedon testsetaccurag from a retrieve-only
systemwherethe weightedmajority vote from the 3 bestmatchingcasesare usedto
classifythetestcaseFor eachtestcorpusandeachmethodthe graphsshaw thetestset
accurag (averagedover 15 trials) computedfor representationwith 5, 20, 40 and60
featuresubsesizes(Figure7).
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Fig. 7. KNN accurag resultsfor 4 datasets.



6.1 Results

Analysis of overall performanceof SUPERVISED on the 4 datasetsndicatesthat the
classificatiorof emailsfrom USREMAIL asSpamor legitimatepresentsheeasiestask.
Here, SUPERVISED obtained80% accuray with just 5 features comparedwith only
60% accurag on the SCIENCE datasetIn all datasetsxcept SCIENCE, we obsene
a steeprise in accurag up to about20 featuresfollowed by a levelling-off as more
featuresare added.This indicatesthat SCIENCE is the mostdifficult problem.Unlike
USREMAIL, theotherbinary-classetiw dataseis harderbecaussimilarterminology
(e.g.monitor, harddrive) canbe usedin referenceo both classeqi.e. PC andApple
Mac). Additionally, the samehardware problemcanbe relevantto both mailing lists,
resultingin cross-postingf the samemessage.

We note that BASE performsvery poorly on all datasetscomparedto GREEDY,
CLUSTER and SUPERVISED. With the exceptionof the easiesproblem(UsSREMAIL),
it barely outperformsrandomallocationof classesand doesnot improve its perfor
manceas more featuresare added.Both GREEDY and CLUSTER clearly outperform
BasEe onall four datasetandimprove their performanceasthe numberof featuresn-
creaseBASE’s poorperformancas explainedby thefactthatit selectdeaturegurely
on the basisof term frequeny information. Although frequentwords will co-occur
with mary otherwordstheseco-occurrencewill notnecessarilypewith similarwords.
Sincesimilar wordsareindicative of similar areasin the problemspace BASE is not
ableto identify wordsthatarerepresentatie of the problemspace.

As expectedthe SUPERVISED methodachiereshighestaccurag. Although both
GREEDY and CLUSTER never matchthe performanceof the supervisednethod,they
make good progresstowardsthe upperboundwhich it is expectedto provide. Inter
estingly CLUSTER improvesrelative to GREEDY asfeaturesubsetsizeincreasesand
by 60 featuresit is clearly betteron the threemoredifficult datasetandonly slightly
worseon USREMAIL.

Thefactthat GREEDY is competitve with CLUSTER at lower featuresubsesizes,
but falls behindat higher subsetsizes,suggestghat GREEDY is more susceptiblgo
overfitting. This effect canbe seenin Figure 8, which plots training andtest setac-
curag for GREEDY and CLUSTER on the Hw datasetln theseplots, datapointsly-
ing significantlyabove theline z = y areindicative of overfitting. Comparisorof the
scattesplots confirmsthat GREEDY is morelik ely to overfit the selectedeaturesubset
to thetrainingset.

6.2 Evaluation Summary

We checledthesignificanceof obseneddifferencedetweenGREEDY and CLUSTER,
usinga 2-tailedt-testwith a 95% confidencdevel for featuresubsetsize,m equalto
60 (seeTable 1). This testindicatedthat the superiorityof CLUSTER over GREEDY
was significantin all threedatasetgbold font), but that of GREEDY on USREMAIL
wasnot shawvn to be significantat this level. The superiorscalingof CLUSTER canbe
explainedby the fact that small optimal featuresubsetsieednot be subsetof larger
ones.GREEDY canbeexpectedto suffer from overfitting at largerfeaturesubsesizes,
sincethe greedilychoserearlyfeaturesarelockedin andcannotbe alteredto improve
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Fig. 8. Comparisorof overfitting behaiour with GREEDY and CLUSTER on Hw.

theglobalquality of alargerfeatureset. CLUSTER avoidsthis problemby dividing the
entirefeaturesetinto asmary clustersasrequired,beforethenselectingonekeyword
to represeneachcluster

Table 1. Resultssummaryfor featuresubsesize60 accordingto significance.

60features |[|[USREMAIL|HW|REC|SCIENCE
GREEDY 89.3 |63.7164.00 51.0
CLUSTER 88.3 |69.167.7 54.9
BASE 73.5 |51.7126.5 26.2
SUPERVISED 90.8 |74.072.00 58.7

7 Conclusions

The methodsintroducedin this paperare particularly suitedto generatingcaserep-
resentationgrom free text datafor unsupervisedasks.The novelty of thesemethods
lies in their exploitation of distributional similarity knowledgeto assesshe utility of
candidatdeatures.

We introducetwo unsupervisefeatureselectiormethods GREEDY andCLUSTER.
Key to both thesemethodsis the selectionof representatie yet diversefeaturesus-
ing similarity knowledge.Distributional distancemeasuresreableto adequatelcap-
ture featuresimilarity by addressingparseness co-occurrencelata[18]. Evaluation
resultsshav significantretrieval gainswith caserepresentationderived by GREEDY
and CLUSTER, over an existing proven method(BASE) from a previous comparatie
study[16]. It is alsoencouragindo reportthatboth GREEDY andCLUSTER make good
progressowardsthe upperboundwhich is provided by a standardsupervisedeature
selectionrmethod.GenerallyGREEDY is ableto generatgoodfeaturesubsetearlyon
in the searchfor featureswhile CLUSTER’s global searchapproachconsistentlyout-
performsthe GREEDY searchwith increasingfeaturesubsetsizes.This is dueto the



locally informed GREEDY searchdentifying locally optimal,yetglobally sub-optimal,
subsetsResultsalsoindicatethat GREEDY is more susceptibl€o overfitting. We in-
tendstudyingthe influenceof representatienessand diversity on overfitting, usinga
weightedform of Fus to controlthe balanceébetweerrepresentatienesanddiversity.

Previously we have shavn that featureselectionis a usefulintegral part of feature
extractionwhenappliedto text classificatior{24]. Onedifficulty thatwe have encoun-
teredsincethen, is that a majority of applicationsinvolving text are not necessarily
supervisedThis work is afirst steptowardsresolvingthis shortcomingn existing fea-
ture discovery tools. Futurework will look at combiningfeatureselectionwith more
powerful featureextractionmethodso createcomprehensie tools for text representa-
tion, indexing andretrieval for both supervisedndunsupervisedasks.
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