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Abstract. Featureselectionfor unsupervisedtasksis particularlychallenging,
especiallywhendealingwith text data.The increasein online documentsand
email communicationcreatesa needfor tools that canoperatewithout the su-
pervisionof theuser. In this paperwe look at novel featureselectiontechniques
thataddressthis need.A distributionalsimilarity measurefrom informationthe-
ory is appliedto measurefeatureutility. This utility informsthesearchfor both
representative anddiversefeaturesin two complementaryways: CLUSTER di-
videstheentirefeaturespace,beforethenselectingonefeatureto representeach
cluster;and GREEDY incrementsthe featuresubsetsizeby a greedilyselected
feature.In particularwe found that GREEDY ’s local searchis suitedto learning
smallerfeaturesubsetsizeswhile CLUSTER is ableto improve theglobalqual-
ity of larger featuresets.Experimentswith four emaildatasetsshow significant
improvementin retrieval accuracy with nearestneighbourbasedsearchmethods
comparedto anexisting frequency-basedmethod.ImportantlybothGREEDY and
CLUSTER makesignificantprogresstowardstheupperboundperformancesetby
a standardsupervisedfeatureselectionmethod.

1 Intr oduction

Thevolumeof text contentontheInternetandthewidespreaduseof email-basedcom-
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 MachineLearn-
ing [15]. Fundamentalto this interestis the challengeposedby unstructuredcontent,
largevocabulariesandchangingconcepts.Understandably, muchof theresearcheffort
is directedtowardsmappingtext into structuredcaserepresentations,soasto facilitate
meaningfulabstraction,comparison,retrieval andreuse.

Featureselectionplaysan importantrole for the indexing vocabulary acquisition
task.Often this initial selectioncanbe eitherdirectly or indirectly appliedto identify



representativedimensionswith whichstructuredcasescanbeformedfrom unstructured
text data.Applieddirectly, eachselectedfeaturecorrespondsto adimensionin thecase
representation.Whenappliedindirectly, selectedfeaturesarefirst combinedto identify
new featuresin a processreferredto asfeatureextractionbeforethey canbe usedas
dimensionsfor caserepresentation[4, 25]. Althoughfeatureextractionis undoubtedly
moreeffective thanfeatureselectionat capturingcontext, our experienceswith super-
visedtaskssuggeststhat featureselectionis an importantcomplementaryprecursorto
the extractionphase[24]. In this paperwe are interestedin featureselectionapplied
directly to derivecaserepresentationsfor unsupervisedtasksinvolving text data.

Featureselectionreducesdimensionalityby removingnon-discriminatoryandsome-
timesdetrimentalfeatures,andhasbeensuccessfulin improving accuracy, efficiency
andcomprehensionof learnedmodelsfor supervisedtasksin both structured[8,10]
andunstructureddomains[26]. Featureselectionin anunsupervisedsettingis farmore
challenging,especiallywhendealingwith text data.Typical applications(e.g.email,
helpdesk,online reports)involve clusteringof text for retrieval andmaintenancepur-
poses.The exponentialincreasein on-line text contentcreatesa needfor tools that
canoperatewithout thesupervisionof theuser. However, in spiteof this need,current
researchin featureselectionis mainlyconcernedwith supervisedtasksonly.

The aim of this paperis to apply unsupervisedfeatureselectionto text data.We
introducefeatureselectionmethodsthatareapplicableto freetext contentasin emails
andto texts thataresub-partsof semi-structuredproblemdescriptions.Thelatter form
is typical of reportssuchasanomalydetectionor medicalreports.Analysisof similar
wordsandtheir neighbourhoodsprovide insight into vocabulary usagein the text col-
lection. This knowledgeis thenexploited in the searchfor representative yet diverse
features.In a GREEDY search,thenext bestfeatureto selectis onethat is a goodrep-
resentative of someunselectedwords,but alsounlike previously selectedwords.This
proceduremaintainsrepresentativenesswhile ensuringdiversity by discouragingre-
dundantselections.Greedysearchcanof courseresultin locally optimal,yet globally
non-optimalfeaturesubsets.Therefore,a globally informedsearch,CLUSTER selects
representativefeaturesfrom wordclusters.

Centralto featureselectionmethodsintroducedin this papersis thenotionof simi-
larity betweenwords.Word co-occurrencebehaviour is a goodindicatorof word sim-
ilarity, however co-occurrencedataderived from textual sourcesis typically sparse.
Hence,distancemeasuresmustassigna distanceto all word pairs,whetheror not they
co-occurin thedata.Distributionalsimilarity measures(obtainedfrom informationthe-
ory) achieve this by comparingco-occurrencebehaviour on a separatedisjoint setof
target events[18]. In this papereventsare all other words. Intuitively, if a group of
wordsaredistributedsimilarly with respectto otherwordsthenselectingasinglerepre-
sentative from aneighbourhoodof wordswill mainlyeliminateredundantinformation.
Consequently, this selectionprocesswill not hurt caserepresentation,but will signifi-
cantlyreducedimensionality. A furtheradvantageof exploiting co-occurrencepatterns
is that it providescontextual informationto resolve ambiguitiesin text suchassimilar
meaningwordsthatareusedinterchangeably(synonyms)andthesamewordbeingused
with differentmeaning(polysemies).In bothsituationssimilarcasescanbeoverlooked
duringretrieval if thesesemanticrelationshipsareignored.



Section2 presentsexistingwork in unsupervisedfeatureselectionandwork related
to distributional distancemeasuresand clusteringbasedindexing schemes.Next we
establishour terminologybeforepresentingthe baselinemethodin Section3. Details
of distributional distancemeasuresandthe role of similarity for unsupervisedfeature
selectionis discussedin Section4. Section5 introducesthetwo similarity-basedselec-
tion methods,GREEDY andCLUSTER. Experimentalresultsarereportedon four email
datasetsin Section6, followedby conclusionsin Section7.

2 RelatedWork

Featureselectionfor structureddatacanbecategorisedinto filter andwrappermethods.
Filters areseenasdatapre-processorsandgenerally, unlike wrapperapproaches,do
not requirefeedbackfrom the final learner. As a result they tendto be faster, scaling
betterto largedatasetswith thousandsof dimensions,astypically encounteredin text
applications.Comparative studiesin supervisedfeatureselectionfor text have shown
heuristicsbasedon InformationGain(IG) andtheChi-squaredstatisticto consistently
outperformlessinformativeheuristicsthatrely only on word frequency counts[26].

Unlikewith supervisedmethods,comparativestudiesinto unsupervisedfeaturese-
lection are very rare. In fact, to our knowledgetherehasonly beenonepublication
explicitly dealing with unsupervisedfeatureselectionfor text data [16]. Generally,
existing unsupervisedmethodstend to rely on heuristicsthat are informed by word
frequency countsover the text collection.Although frequency canbe a fair indicator
of featureutility it doesnot considercontextual information.Ignoring context canbe
detrimentalfor text processingtasksbecauseambiguitiesin text canoftenresultin poor
retrieval performance.A goodexampleis whendealingwith polysemousrelationships
suchas “financial bank” and “ri ver bank”, wherethe word frequency for “bank” is
clearly insufficient to establishits context andhenceits suitability for indexing or case
comparison.

In Textual Case-BasedReasoning(TCBR) research[22] thereasoningprocesscan
beseento generallyincorporatecontextual informationin two ways:aspartof anelab-
orate indexing mechanism[2]; or as part of the caserepresentation[24]. The latter
requiressimpler retrieval mechanisms,henceis a good choice for genericretrieval
frameworks; while the former, althoughbetterat capturingdomain-specificinforma-
tion, is moredemandingof theretrieval process.A furtherdistinguishingcharacteristic
of TCBR systemsis the different levels of knowledgesourcesemployed to capture
context [14]. Theselevels vary from deepsyntacticparsingtools and manuallyac-
quiredgenerative lexiconsin the FACIT framework [7]; to semi-automatedacquisition
of domain-specificthesauriwith theSMILE system;to automatedclauseextractionex-
ploiting keywordco-occurrencepatternsin PSI [25]. Of particularinterestto this paper
is the captureof co-occurrencebased,contextual information within the caserepre-
sentation.Currentresearchin this areais focusedon featureextraction,which unlike
featureselectionaimsto constructnew featuresfrom existing features.Interestin this
areahasresultedin extractiontechniquesfor bothsupervised(e.g. [25,27]) andunsu-
pervisedsettings(e.g. [4,11]).



In text classificationand applied linguistic researchthe problemof determining
context is commonlyhandledby employing distributional clusteringapproaches.In-
troducedin theearlyninetiesfor automatedthesauruscreation[18], distributionalclus-
teringhassincebeenwidely adoptedfor featureextractionwith supervisedtasks,such
as text classification[1, 20]. Word clustersareparticularlyusefulbecausecontextual
informationis madeexplicit by groupingtogetherwordsthataresuggestive of similar
context. Additionally, word clustersalsoprovide insight into vocabulary usageacross
the problemdomain.Suchinformationis essentialif representative featuresareto be
selected.Of particularimportancefor word clusteringaredistributionaldistancemea-
sures.Thesemeasuresascertaindistanceby comparisonof word distributionscondi-
tioned over a disjoint target set.Typically, classlabelsare the set of targetsand so
cannotbeappliedto unsupervisedtasks.

Thetextual caseretrieval systemSOPHIA introduceda novel approachto combin-
ing distributionalwordclusteringwith textualcasebaseindexing [17]. Herefeaturedis-
tanceis measuredby comparingword distributionsconditionedon otherco-occurring
words(insteadof classlabels).Indexing is enabledby identifyingseedfeaturesthatact
ascaseattractors.They arguethatseedfeaturesarethosethathavenon-uniformdistri-
butionshaving low entropy, referredto asspecificword contexts.However theentropy
basedmeasurecannotdistinguishbetweenrepresentative anddiversefeatureseven if
they havespecificcontexts.

In structuredCBR, clusteringis commonlyemployed asa meansto identify rep-
resentative anddiversecasesfor casebaseindexing. A goodexampleis the footprint-
drivenapproach[21] wherea footprint caseis: representativeof its neighbourhoodbe-
causeof its influence;anddiversebecauseits areaof competencecannotbematchedby
any othercase.Thisnotionof identifyingdiverseyet representativecaseshasalsobeen
exploitedin casebasemaintenance[6, 23].

In summary, the representativenessanddiversity of an entity canbe measuredby
analysingits neighbourhood.In this papertheentity is the featureandrepresentative-
nessanddiversityarealsoimportantfor featureselection.Centralto featureneighbour-
hoodanalysisis a gooddistancemetric.Whenfeaturesarewords,thedistancemetric
musttake context into account.Distributionaldistancemeasuresdo this by exploiting
word co-occurrencebehaviour.

3 FrequencybasedUnsupervisedFeature Selection

We first introducethenotationusedin this paperto assistpresentationof thedifferent
featureselectiontechniques.Let � bethesetof documentsand � thesetof features,
which are essentiallywords. A document� is representedby a featurevector, � =�
	���
�������
�	�� ��� �

, of frequenciesin � of wordsfrom � [19]. In someapplications,the
frequency informationis suppressed,in which casethe

	��
arebinaryvaluesindicating

thepresenceor absenceof wordsin � . Themainaimof unsupervisedfeatureselectionis
to reduce� ��� to asmallerfeaturesubsetsize � by selectingfeaturesrankedaccording
to someutility criterion.Theselected� featuresthenform areducedwordvocabulary
set ��� , where���! "� and � ���#�%$&� �'� . Thenew representationof document� is the
reducedwordvector �!� , which haslength � .



Frequency countsare often usedto gaugefeatureutility particularly in an unsu-
pervisedsetting.TheTermContribution ( (*) ) is onesuchmeasure,showing promising
resultsin [16]:
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Here 5 computesthetf*idf scorewhich is a measureof thediscriminatorypower of a
wordgivenadocument.Termfrequency

<
is thewithin documentfrequency countof a

featureand G is thenumberof documentscontainingfeature
+

. (*) ’s frequency based
rankingandselectionof featuresis thebaseline featureselectionmethodusedin this
paperandwewill referto it asBASE (Figure1).

H = featuresubsetsize
BASE

ForeachI6J!KML
calculate N!O scoreusing P

sort L in decreasingorderof N!O scoresLRQ = � ITSVUVWXWYWXU3I6Z[�
ReturnL Q

Fig.1. Featureselectionwith N!O basedranking.

(�) will typically rank frequentwordsappearingin fewer documentsabove those
appearingin a majority of documents.In this way the BASE methodwill attemptto
ignoreoverly frequent(or rare) features.Its main drawbackis its inability to address
the needfor both representative anddiversefeatures.This leadsto selectionof non-
optimaldimensionsthatfail to sufficiently capturetheunderlyingdocumentcontent.

4 Role of Similarity for UnsupervisedFeatureSelection

A representative featuresubsetis one that can discriminatebetweendistinct groups
of problem-solvingsituations.In a classificationsetting,thesegroupsareidentifiedby
their classlabelsandaretypically exploitedby thefeatureselectionprocess.However
in the absenceof classknowledge,we needto identify andincorporateotherimplicit
sourcesof knowledgeto guidethesearchfor features.

Similarproblemsituationsaretypically describedby asimilar setof featuresform-
ing anoperationalvocabularysubset.Whenthesesubsetsarediscoveredthesearchfor
featurescanbe guidedby similarity in problemdescriptions.In particularknowledge



aboutfeaturesimilarity enablesthesearchprocessto addressboth the needfor repre-
sentativeanddiversefeatures.Thequestionthenis how dowedefinesimilarity between
features.A goodstartingpoint is to analysefeatureco-occurrencepatternsbecausefea-
turesthat areusedtogetherto describeproblemsaremorelikely to suggestthe same
operationalvocabulary subsetthanfeaturesthatrarelyco-occur. In therestof this sec-
tion we look at how featureutility canbeinferredfrom similarity knowledgeextracted
from featureco-occurrencepatterns.

4.1 FeatureUtility Measures

For agivenword
+]\ � , ourfirst metricestimatestheaveragepair-wisedistancề _ba�c

between
+

andits neighbourhoodof d nearestwordneighbours.

^`_ba�c �
+7
Ye`
 d �.-gfd /
h�i.j%k*l�mnh 0 o*p�q?rtsXu

�:+7
�+ k �
where vxw returnsthe d nearestneighboursof

+
chosenfrom

e'y � , and q?rtsVu is the
distanceof

+
from its neighbour

+ k . Lower valuesfor ^`_ba�c suggestsrepresentative
wordsthatarecentrallyplacedwithin denseneighbourhoods.

An obvious distancemeasurefor words is to considerthe numberof times they
co-occurin documents[19]. However the problemwith sucha straight forward co-
occurrencecountis thatsimilarwordscanbemistakenasbeingdissimilarbecausethey
maynot necessarilyco-occurin theavailabledocumentset � . This is typical with text
dueto problemswith sparseness[4].

4.2 Distrib utional DistanceMeasures

Often, relatedwords do not co-occurin any documentin a given collection,due to
sparsityandsynonymy. This limits theusefulnessof similarity measuresbasedpurely
on simpleco-occurrence.Distributionaldistancemeasurescircumventthis problemby
carrying out a comparisonbasedon co-occurrencewith membersof a separatedis-
joint targetset[18]. Appliedto text, theideameasuresdistancesbetweenwordpairsby
comparingtheir distributionsconditionedover thesetof otherwords.Sincethecondi-
tioning is undertakenover a separatedisjoint set,distancesbetweennonco-occurring
word pairsneedno longerremainunspecified.

Let us first demonstratethe intuition behinddistributional distancemeasuresby
consideringthreewords, z , { and | , andtheir fictitious word distribution profiles(see
Figure2). Thex-axiscontainsa setof targetevents

+}�
, while they-axisplotsthecon-

ditional probabilities~ �:+T� � +,� , for
+�- z 
 { 
 | . Comparisonof the threeconditional

probabilitydistributionssuggestsahighersimilarity betweenz and { (comparedto pro-
filesof z and | ). Whentargeteventsonthex-axisarewords,thenacomparisonbetween
conditionalprobability distributionsprovidesa similarity estimatebasedon word co-
occurrencepatterns.Thenext questionthenis how canwe measuredistancebetween
featuredistributions.

Let � and � be two featuresfrom � whosesimilarity is to be determined.For
notationalsimplicity we write � �:+ � � for ~ �
+ � � +�- � � and � �
+ � � for ~ �:+ � � +�- � � ,



�� � �
� � �� � �
� � � �

�� � �
� � �� � �
� � � �

  ¡ ¢ £ ¤
¥ ¦ §¨ © ª
« ¬ ­® ¯ ° ±

² ³
´µ ¶ ·
¸ ¹º
»¼

½¾ ¿ À
Á ÂÃ
ÄÅ

ÆÇ È É
Ê ËÌ
ÍÎ

Ï Ð Ñ Ò Ó Ô Õ Ö ×
Fig.2. Conditionalprobabilitydistributionprofiles.

where
+ � \ �ÙØ7ÚD� 
 �ÜÛ and ~ denotesprobabilitiescalculatedfrom the training data� . Researchin linguistics hasshown that the Ý -Skew metric is a usefulmeasureof

thedistancebetweenworddistributions,whenappliedto thetaskof identifyingsimilar
nounpairs[13]. It is arguedthat theasymmetricnatureof this distancemeasureis ap-
propriatefor word comparisons,sinceoneword (e.g.‘fruit’) maybea bettersubstitute
for another(e.g.‘apple’) thanvice-versa.Herewe adoptthis metric to compareword
distributionsandtherebydeterminethedistancefrom word � \ � to word � \ � .

q?rtsVu � � 
 � �Þ-=/ � � �
+ � �b@ßBDC �
�
+ � �
� �:+T�à�

is theKullback-Leibler(KL) divergence,which is derivedfrom informationtheory. It
measurestheaverageinefficiency in using � �
+}�3� to codefor � �
+}�#� [3].

In our context, a largevalueof q?rtsXu � � 
 � � would suggestthat theword � is a poor
representativeof theword � , but notnecessarilyvice-versa.However, the q7rtsVu is unde-
fined if thereareany wordsfor which � �:+T�3�á-ãâ , but � �
+}�3�åä-ãâ . The Ý -Skew metric
avoids this problemby replacing� with Ý��çæ � fáè Ý � � , wheretheparameterÝ is less
thanone.In practice,our q?rtsVu is the Ý -Skew metric with Ý -éâê� ë%ë

, assuggestedin
[13].

5 Similarity basedUnsupervisedFeature SelectionMethods

^`_ba�c is thesimplestmeasurethatcanbeemployedto rankfeatures.However, we wish
to useit so that a diverseyet representative setof featuresis discovered.This canbe
achievedin two alternativelyways:aGREEDY searchthatis locally informed;or amore
globally informedCLUSTER-basedsearch.

5.1 GreedySearch for Features

What we proposehereis a greedylocal searchfor the best featuresubset.At each
stage,the next featureis selectedto be both representative of unselectedfeaturesand
distantfrom previouslyselectedfeatures.Thefeatureutility scoreFUSw , combinesthe
averageneighbourhooddistancê`_ba�c from both the selectedand unselectedfeature
neighbourhoodsasfollows:

FUSw �
+ç�Þ- ^`_ba�c �
+7
�ìá
 d �^í_3a�c �:+7
àîM
 d �



where
îÙy � containspreviously unselectedfeatures,and

ì�- �ïØ î contains
previouslyselectedfeatures.Herethenumeratorpenalisesredundantfeatureswhile the
denominatorrewardsrepresentativefeatures.

The FUSw basedrankingandselectionof featuresis thefirst unsupervisedfeature
selectionmethodintroducedin thispaperandwewill referto it asGREEDY (Figure3).
Unlike (*) , FUSw ’s relianceon distributional distancesto captureco-occurrencebe-
haviour undoubtedlymakesit far morecomputationallydemanding.However this cost
is justified by FUSw ’s attemptto addressthe needfor both representative anddiverse
features.Oneproblemthoughis thatGREEDY is ahill-climbing searchwherethedeci-
sionto selectthenext bestfeatureis informedby local information,henceit canselect
featuresubsetsthat,althoughlocally optimal,canneverthelessbegloballynon-optimal.

H = featuresubsetsizeð
= ñ ; ò = L

GREEDY

Repeat
ForeachI6J9Kóò

calculateFUSô score
sort ò in decreasingorderof FUSô scoresI9õ = top rankedfeaturein òð

=
ð÷ö � I9õ;�ò = òùø � I õ �

Until ( � ð � = H )L Q = ð
ReturnLúQ

Fig.3. GREEDY methodusingFUSô basedranking.

5.2 ClusteredSearch for Features

Clusteringof wordsprovidesa global view of word vocabulary usagein the problem
descriptionspace.Eachclustercontainswords that are contextually more similar to
eachotherthanto wordsoutwith theirown cluster. Partitioningthefeaturespacein this
way facilitatesthediscoveryof representativefeaturesbecauseeachclustercannow be
treatedasadistinctsub-partof theproblemdescriptionspace.

Weuseahierarchicalagglomerative(bottom-up)clusteringtechnique,whereat the
beginningevery featureformsa clusterof its own. Thealgorithmthenunitesfeatures
with greatestsimilarity in smallclustersandtheseclustersareiterativelymergeduntil �
numberof clustersareformed.Thedecisionto mergeclustersis basedon thefurthest
neighbourprinciple, wherethosetwo clusterswith leastdistancebetweentheir most
dissimilarclustermembersaremerged.Typically, this form of clustermerging leadsto
tightly boundandbalancedword clusters.



Merging of clustersrequiresthat a distancemetric is in place.For this purpose
we usethe q?rtsVu metric from Section4. However, we mustfirst addressthe question
of how to dealwith the asymmetricalnatureof this metricwhencomparingdistances
betweenmembersof separateclusters.Thereareessentiallythreeways in which the
two distancescanbeconsolidated:usethemaximum;theminimumor theaverage.We
advocatethemaximumdistance,whichcombineswith thefurthestneighbourprinciple
to form clustersin which thereareno largedistances.
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Figures4 and5 illustrateshow the choiceof distancescanaffect the final cluster
structure.In thisexample,clustersareformedwith keywordsextractedfrom aPC-Mac
hardwareFAQs mailing list. A closerlook at the five word clustersformedusingthe
maximumof theassymetricaldistancebetweenafeature-pairsuggeststhattheresulting
groupsarenotonly semanticallymeaningful(e.g.clustermembershipof “dos”) but are
alsomorebalanced(e.g.numberof wordsin a cluster).

Onceclustersareformedweneeda mechanismto uniformly selectonerepresenta-
tive featurefrom eachcluster. In Figures4 and5 underlinedwordsindicatesuchrepre-
sentatives(often referredto asclustercentroidsor seeds).Previously, we statedthata
representative featureis identifiedby its placementwithin denseneighbourhoods.Us-
ing this sameideaandthe ^í_3a�c metric in Section4 we estimatetherepresentativeness
of feature

+
within a cluster � asa functionof theaveragepair-wisedistancebetween

itself andits clustermembers:

FUS� �
+,�A-�� f}è ^`_ba�c �
+?
 � 
 � �.� ���
Thesecondunsupervisedfeatureselectionmethodintroducedin thispaperis CLUS-

TER. It usestheFUS� scoreto rankfeaturesin acluster, choosing
+

with highestFUS�



from eachcluster. The main stepsappearin Figure 6. Here the numberof clusters
formed is equal to the desiredfeaturesubsetsize, � . This determinesthe stopping
criterionfor clustering.Like GREEDY, CLUSTER alsoaddressestheneedfor represen-
tativenessanddiversity, however, we expectCLUSTER to have anedgeover GREEDY

becauseits selectionis influencedmoreglobally.

H = featuresubsetsizeL Q = ñ
generatesetof wordclusters

��� S UXWXWXWXU � Z �
CL USTER

Foreach
� J���LI õ = featurewith maxFUS� in

� JLRQ = LRQ ö I õ
ReturnL Q

Fig.6. CLUSTER methodusingFUS� basedranking.

6 Evaluation

Wewishto determinetheeffectivenessof thetwo similarity-basedsearchesfor features,
comparedto thefrequency-basedsearch:

– GREEDY, introducedin this paperwith rankingusingFUSw 1 (Figure3);
– CLUSTER, alsointroducedin thispaper, exploitsclusteringandrankingusingFUS�

(Figure6); and
– BASE, thebaselinewith rankingon (*) (Figure1).

The (*) -basedrankingusedby BASE is the only unsupervisedmethodthat hasup to
now beenshown to perform betterthan the basicdocumentfrequency and the term
strengthmethods[16]. We would hopeto significantlyimproveupontheperformance
of BASE. Now theupper-boundfor any unsupervisedtechniqueis its supervisedcoun-
terpart, therefore,we also compareall our unsupervisedmethodswith the standard
IG-basedSUPERVISED featurerankingandselectionmethod.

It is generallyharderto carryout empiricaltestingwithin a truly unsupervisedset-
ting comparedto a supervisedone.This is because,the absenceof supervisedlabels
calls for alternative sophisticatedevaluationcriteria, suchas comparisonof retrieval
rankingsor establishingmeasuresof clusterquality. Instead,we appliedour unsuper-
visedmethodson labelleddataignoring labelsuntil the testingphase.Essentiallywe
are exploiting classlabelsonly as a meansto evaluateretrieval performancewhich
indirectly measuresthe effectivenessof the caserepresentation.Note that we arenot
interestedin producinga supervisedclassifier.

1 In ourexperimentsk=15 is usedasFUSô ’s neighbourhoodsize.



Experimentswere conductedon 4 datasets;all involving email messages.Each
emailmessagebelongsto onemail folder. Herefoldersaretheclasslabels.As in pre-
vious experimentswe usedthe 20Newsgroupscorpusof 20 Usenetgroups[9], with
1000 postings(of discussions,queries,commentsetc.) per group, to create3 sub-
corpuses[24]: SCIENCE (4 sciencerelatedgroups);REC (4 recreationrelatedgroups)
andHW (2 hardwareproblemdiscussiongroups,oneon Mac, the otheron PC).With
eachsub-corpusthe groupswere equallydistributed.A further set of 1000 personal
emails,usedfor Spamfiltering researchformsthefinal dataset,USREMAIL, of which
50%areSpam[5].

We created15 equal-sizeddisjoint train-testsplits.Eachsplit contains20%of the
full dataset,selectedrandomly, but constrainedto preserve the original classdistribu-
tion. All text waspre-processedby removing stopwords(commonwords)andpunctu-
ationandtheremainingwordswerestemmed.In theinterestof reducingtimetakenfor
repeatedtrials,theinitial vocabularysizewascutdown to asubsetcomposedof the500
mostand500 leastdiscriminatingwords(usingIG). These1000wordsthenform � .
An effective featureselectionmethodshouldeliminatethe non-discriminatingwords
and assemblea representative and non-redundantcombinationof the discriminating
ones.

Theeffectivenessof featureselectionis directly reflectedby the usefulnessof the
caserepresentationobtained.Therefore,caserepresentationsderivedby GREEDY, CLUS-
TER, BASE andSUPERVISED arecomparedon testsetaccuracy from a retrieve-only
system,wherethe weightedmajority vote from the 3 bestmatchingcasesareusedto
classifythetestcase.For eachtestcorpusandeachmethodthegraphsshow thetestset
accuracy (averagedover 15 trials) computedfor representationswith 5, 20, 40 and60
featuresubsetsizes(Figure7).
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6.1 Results

Analysisof overall performanceof SUPERVISED on the 4 datasetsindicatesthat the
classificationof emailsfrom USREMAIL asSpamor legitimatepresentstheeasiesttask.
Here,SUPERVISED obtained80% accuracy with just 5 features,comparedwith only
60% accuracy on the SCIENCE dataset.In all datasetsexcept SCIENCE, we observe
a steeprise in accuracy up to about20 features,followed by a levelling-off asmore
featuresareadded.This indicatesthat SCIENCE is the mostdifficult problem.Unlike
USREMAIL, theotherbinary-classedHW datasetis harder, becausesimilarterminology
(e.g.monitor, harddrive) canbe usedin referenceto both classes(i.e. PC andApple
Mac). Additionally, the samehardwareproblemcanbe relevant to both mailing lists,
resultingin cross-postingof thesamemessage.

We note that BASE performsvery poorly on all datasetscomparedto GREEDY,
CLUSTER andSUPERVISED. With theexceptionof theeasiestproblem(USREMAIL),
it barely outperformsrandomallocationof classesand doesnot improve its perfor-
manceasmore featuresareadded.Both GREEDY and CLUSTER clearly outperform
BASE on all four datasetsandimprovetheir performanceasthenumberof featuresin-
crease.BASE’s poorperformanceis explainedby thefactthatit selectsfeaturespurely
on the basisof term frequency information.Although frequentwords will co-occur
with many otherwordstheseco-occurrenceswill notnecessarilybewith similarwords.
Sincesimilar wordsareindicative of similar areasin the problemspace,BASE is not
ableto identify wordsthatarerepresentativeof theproblemspace.

As expected,the SUPERVISED methodachieveshighestaccuracy. Although both
GREEDY andCLUSTER never matchthe performanceof the supervisedmethod,they
make goodprogresstowardsthe upperboundwhich it is expectedto provide. Inter-
estingly, CLUSTER improvesrelative to GREEDY asfeaturesubsetsizeincreasesand
by 60 features,it is clearlybetteron thethreemoredifficult datasetsandonly slightly
worseon USREMAIL.

Thefact thatGREEDY is competitive with CLUSTER at lower featuresubsetsizes,
but falls behindat highersubsetsizes,suggeststhat GREEDY is moresusceptibleto
overfitting. This effect canbe seenin Figure 8, which plots training and test setac-
curacy for GREEDY andCLUSTER on the HW dataset.In theseplots,datapoints ly-
ing significantlyabove the line

	 -ED
areindicative of overfitting. Comparisonof the

scatter-plotsconfirmsthatGREEDY is morelikely to overfit theselectedfeaturesubset
to thetrainingset.

6.2 Evaluation Summary

We checkedthesignificanceof observeddifferencesbetweenGREEDY andCLUSTER,
usinga 2-tailedt-testwith a 95% confidencelevel for featuresubsetsize, � equalto
60 (seeTable 1). This test indicatedthat the superiorityof CLUSTER over GREEDY

was significantin all threedatasets(bold font), but that of GREEDY on USREMAIL

wasnot shown to besignificantat this level. Thesuperiorscalingof CLUSTER canbe
explainedby the fact that small optimal featuresubsetsneednot be subsetsof larger
ones.GREEDY canbeexpectedto suffer from overfitting at largerfeaturesubsetsizes,
sincethegreedilychosenearlyfeaturesarelockedin andcannotbealteredto improve
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Fig.8. Comparisonof overfitting behaviour with GREEDY andCLUSTER on HW.

theglobalquality of a largerfeatureset.CLUSTER avoidsthis problemby dividing the
entirefeaturesetinto asmany clustersasrequired,beforethenselectingonekeyword
to representeachcluster.

Table1. Resultssummaryfor featuresubsetsize60accordingto significance.

60 features USREMAIL HW REC SCIENCE

GREEDY 89.3 63.7 64.0 51.0
CLUSTER 88.3 69.1 67.7 54.9
BASE 73.5 51.7 26.5 26.2
SUPERVISED 90.8 74.0 72.0 58.7

7 Conclusions

The methodsintroducedin this paperare particularly suitedto generatingcaserep-
resentationsfrom free text datafor unsupervisedtasks.The novelty of thesemethods
lies in their exploitation of distributional similarity knowledgeto assessthe utility of
candidatefeatures.

Weintroducetwo unsupervisedfeatureselectionmethods:GREEDY andCLUSTER.
Key to both thesemethodsis the selectionof representative yet diversefeaturesus-
ing similarity knowledge.Distributionaldistancemeasuresareableto adequatelycap-
turefeaturesimilarity by addressingsparsenessin co-occurrencedata[18]. Evaluation
resultsshow significantretrieval gainswith caserepresentationsderived by GREEDY

andCLUSTER, over an existing proven method(BASE) from a previous comparative
study[16]. It is alsoencouragingto reportthatbothGREEDY andCLUSTER makegood
progresstowardsthe upperboundwhich is providedby a standardsupervisedfeature
selectionmethod.GenerallyGREEDY is ableto generategoodfeaturesubsetsearlyon
in the searchfor featureswhile CLUSTER’s global searchapproachconsistentlyout-
performsthe GREEDY searchwith increasingfeaturesubsetsizes.This is due to the



locally informedGREEDY searchidentifying locally optimal,yetgloballysub-optimal,
subsets.Resultsalsoindicatethat GREEDY is moresusceptibleto overfitting. We in-
tendstudyingthe influenceof representativenessanddiversity on overfitting, usinga
weightedform of FUS� to controlthebalancebetweenrepresentativenessanddiversity.

Previously we have shown that featureselectionis a usefulintegral partof feature
extractionwhenappliedto text classification[24]. Onedifficulty thatwe have encoun-
teredsincethen, is that a majority of applicationsinvolving text are not necessarily
supervised.This work is a first steptowardsresolvingthis shortcomingin existing fea-
ture discovery tools. Futurework will look at combiningfeatureselectionwith more
powerful featureextractionmethodsto createcomprehensive toolsfor text representa-
tion, indexing andretrieval for bothsupervisedandunsupervisedtasks.

References

1. Baker, L., McCallum,A.: Distributionalclusteringof wordsfor text classification.In Pro-
ceedingsof the21stACM InternationalConferenceon Research andDevelopmentin Infor-
mationRetrieval ACM Press(1998)96–103

2. Bruninghaus,S.,Ashley, K.: Therole of informationextractionfor textual CBR. In Case-
BasedReasoningResearch andDevelopment:Proceedingsof the4th InternationalConfer-
enceonCBRSpringer(2001)74–89

3. Cover, T., Thomas,J.: Elementsof InformationTheory. JohnWiley (1991)
4. Deerwester, S., Dumais,S., Landauer, T., Furnas,G., Harshman,R.: Indexing by latent

semanticanalysis. Journal of the AmericanSocietyof Information Science41(6) (1990)
391–407

5. Delany, S., Cunningham,P.: An analysisof case-baseediting in a spamfiltering system.
In Proceedingsof the7th EuropeanConferenceon Case-BasedReasoningSpringer(2004)
128–141

6. Delany, S.,Cunningham,P., Doyle,D., Zamolotskikh,A.: Generatingestimatesof classifica-
tion confidencefor acase-basedspamfilter. In Case-BasedReasoningResearch andDevel-
opment:Proceedingsof the6th InternationalConferenceonCBRSpringer(2005)177–189

7. Gupta,K., Aha,D.: Towardsacquiringcaseindexing taxonomiesfrom text. In Proceedings
of theSeventeenthInternationalFLAIRSConferenceAAAI Press(2004)307–315

8. Jarmulak,J.,Craw, S.,Rowe, R.: Geneticalgorithmsto optimiseCBR retrieval. In Enrico
Blanzieri andLuigi Portinale,editors,Proceedingsof the5th EuropeanWorkshopon CBR
Springer(2000)137–149

9. Joachims,T.: A probabilisticanalysisof the Rocchioalgorithmwith TFIDF for text cate-
gorisation.In Proceedingsof theFourteenthInternationalConferenceonMachineLearning
(1997)

10. John,G., Kohavi, R., Pfleger, K.: Irrelevant featuresandthe subsetselectionproblem. In
Proceedingsof theEleventhInternationalConferenceonMachineLearning(1994)121–129

11. Kang,N., Domeniconi,C.,Barbara,D.: CategorizationandKeyword identificationof Unla-
belledDocuments.In Proceedingsof the5thIEEEInternationalConferenceonDataMining
(2005)

12. Lamontagne,L., Lapalme,G.: Textual reusefor email response.In Proceedingsof the7th
EuropeanConferenceon Case-BasedReasoningSpringer(2004)242–256

13. Lee, L.: On the effectivenessof the skew divergencefor statisticallanguageanalysis. In
Artificial IntelligenceandStatistics2001(2001)65–72

14. Lenz,M.: Definingknowledgelayersfor textual CBR. In Proceedingsof the4th European
WorkshoponCBRSpringer(1998)298–309



15. David D. Lewis andKimberly A. Knowles. Threadingelectronicmail: A preliminarystudy.
InformationProcessingandManagement33(2)(1997)209–217

16. Liu, T., Liu, S.,Chen,Z., Ma, W.: An evaluationon featureselectionfor text clustering.In
Proceedingsof the TwentiethInternationalConferenceon Machine Learning (2003)488–
495

17. Patterson,D., Rooney, N., Dobrynin,V., Galushka,M.: Sophia:A novel approachfor textual
case-basedreasoning.In Proceedingsof theNineteenthIJCAIConference(2005)1146–1153

18. Pereira,F., Tishby, N., Lee,L.: Distributionalclusteringof englishwords.In Proceedingsof
the30thAnnualMeetingof theAssociationfor ComputationalLinguistics(1993)183–190

19. Salton,G., McGill, M.: An introductionto moderninformation retrieval. McGraw-Hill
(1983)

20. Slonim,N., Tishby, N.: Thepower of wordclustersfor text classification.In Proceedingsof
the23rd EuropeanColloquiumon InformationRetrieval Research (2001)

21. Smyth,B., McKenna,E.: Building compactcompetentcase-bases.In Klaus-DieterAlthoff,
Ralph Bergmann,and L. Karl Branting,editors,Proceedingsof the SecondInternational
Conferenceon Case-BasedReasoningSpringer(1999)329–342

22. Weber, R., Ashley, K., Bruninghaus,S.: Textual case-basedreasoning.To appearin The
Knowledge EngineeringReview (2006)

23. Wiratunga,N., Craw, S.,Massie,S.: Index drivenselective samplingfor case-basedreason-
ing. In Case-BasedReasoningResearch andDevelopment:Proceedingsof the5th Interna-
tional Conferenceon CBRSpringer(2003)637–651

24. Wiratunga,N., Koychev, I., Massie,S.: Featureselectionandgeneralisationfor textual re-
trieval. In Proceedingsof the7th EuropeanConferenceon Case-BasedReasoningSpringer
(2004)806–820

25. Wiratunga,N., Lothian,R., Chakraborty, S.,Koychev, I.: Propositionalapproachto textual
caseindexing. In Proceedingsof the9th EuropeanConferenceon PrinciplesandPractice
of Knowledge Discoveryin Databases(2005)380–391

26. Yang,Y., Pedersen,J.: A comparative studyon featureselectionin text categorisation. In
Proceedingsof theFourteenthInternationalConferenceon MachineLearning(1997)412–
420

27. Zelikovitz, S.: Mining for featuresto improve classification. In Proceedingsof Machine
Learning, Models,TechnologiesandApplications(2003)


