Technical Report

Department of Computer Science
and Engineering
University of Minnesota
4-192 EECS Building
200 Union Street SE
Minneapolis, MN 55455-0159 USA

TR 00-016

Concept Indexing: A Fast Dimensionality Reduction Algorithm with
Applications to Document Retrieval & Categorization

George Karypis and Euihong (sam) Han

March 06, 2000



Form Approved

Report Documentation Page OMB No. 0704-0188

Public reporting burden for the collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources, gathering and
maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or any other aspect of this collection of information,
including suggestions for reducing this burden, to Washington Headquarters Services, Directorate for Information Operations and Reports, 1215 Jefferson Davis Highway, Suite 1204, Arlington
VA 22202-4302. Respondents should be aware that notwithstanding any other provision of law, no person shall be subject to a penalty for failing to comply with a collection of information if it
does not display acurrently valid OMB control number.

1. REPORT DATE 3. DATES COVERED
06 MAR 2000 2. REPORT TYPE _
4. TITLEAND SUBTITLE 5a. CONTRACT NUMBER

Concept Indexing: A Fast Dimensionality Reduction Algorithm with
Applicationsto Document Retrieval & Categorization

5b. GRANT NUMBER

5c. PROGRAM ELEMENT NUMBER

6. AUTHOR(S) 5d. PROJECT NUMBER

5e. TASK NUMBER

5f. WORK UNIT NUMBER

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION
Army Resear ch Office,PO Box 12211,Research Triangle REPORT NUMBER
Park,NC,27709-2211

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSOR/MONITOR’'S ACRONYM(S)
11. SPONSOR/MONITOR’ S REPORT
NUMBER(S)

12. DISTRIBUTION/AVAILABILITY STATEMENT

Approved for public release; distribution unlimited

13. SUPPLEMENTARY NOTES

The original document contains color images.

14. ABSTRACT

seereport

15. SUBJECT TERMS

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF 18. NUMBER 19a. NAME OF

ABSTRACT OF PAGES RESPONSIBLE PERSON
a REPORT b. ABSTRACT c. THISPAGE 22
unclassified unclassified unclassified

Standard Form 298 (Rev. 8-98)
Prescribed by ANSI Std Z39-18






Concept Indexing
A Fast Dimensionality Reduction Algor ithm with Applica tions to
Document Retrieval & Categor ization *

George Karypis and Eui-Hong (Sam) Han

Universityof MinnesotaDepartmenbf ComputerScienced Army HPC ResearciCenter
Minneapolis MN 55455
TechnicalReport:#00-016

{karypis,hant@cs.umn.edu

Lastupdatedbn March6, 2000at 12:28am

Abstract

In recentyears,we have seena tremendougyrowth in the volume of text documentsavailable on the Internet,
digital libraries,news sourcesandcompary-wide intranets.This hasled to anincreasednterestin developingmeth-
odsthat can efficiently cateyorize andretrieve relevantinformation. Retrieval techniqueshasedon dimensionality
reduction,suchasLatentSemantidndexing (LSI), have beenshavn to improve the quality of theinformationbeing
retrieved by capturingthe latentmeaningof the words presentin the documents.Unfortunately the high computa-
tional requirement®f LS| andits inability to computean effective dimensionalityreductionin a supervisedsetting
limits its applicability In this paperwe presenta fastdimensionalityreductionalgorithm, called concept indexing
(CI) thatis equallyeffective for unsupervise@ndsupervisedlimensionalityreduction.Cl computesa k-dimensional
representationf a collectionof documentdy first clusteringthe documentsnto k groups,andthenusingthe cen-
troid vectorsof the clustersto derive the axes of the reducedk-dimensionalspace.Experimentakresultsshov that
the dimensionalityreductioncomputedby Cl achieves comparableetrieval performanceo thatobtainedusingLSl,
while requiringanorderof magnituddesstime. Moreover, whenCl is usedto computethe dimensionalityreduction
in asupervisedsetting,it greatlyimproves the performanceof traditionalclassificatioralgorithmssuchasC4.5and
kNN.

1 Introduction

The emepgenceof the World-Wide-Web hasled to an exponentialincreasein the amountof documentsavailable
electronically At the sametime, variousdigital libraries, news sourcesand compary-wide intranetsprovide huge
collectionsof online documents. It has beenforecastedhat text (with other unstructureddata) will becomethe

*Thiswork was supportechy NSFCCR-9972519by Army ResearcltOffice contractDA/DAAG55-98-1-0441by the DOE ASCI program,and
by Army High PerformanceComputingResearctCentercontractnumberDAAH04-95-C-0008. Accessto computingfacilities was provided by
AHPCRC,MinnesotaSupercomputeinstitute. Relatedpapersareavailable via WWW at URL: http://www .cs.umn.edu/"kar ypis



predominantatatypestoredonline[61]. Thesedevelopmentdave led to anincreasednterestin methodshat allav
usersto quickly andaccuratelyetrieve andorganizethesetypesof information.

Traditionally informationhasbeerretrieved by literally matchingtermsin documentsvith thosepresentn ausers
qguery Unfortunately methodghatarebasedonly on lexical matchingcanleadto poorretrieval performancelueto
two effects. First, becauseanosttermshave multiple meaningsmary unrelateddocumentsnay be includedin the
answeirsetjustbecaus¢hey matchedsomeof the queryterms.Secondbecaus¢he sameconceptanbedescribedy
multiple terms,relevantdocumentghatdo not containary of the querytermswill notberetrieved. Theseproblems
arisefrom thefactthattheideasin adocumentremorerelatedto the conceptslescribedn themthanthewordsused
in their description.Thus, effective retrieval methodsshouldmatchthe conceptpresenin the queryto the concepts
presentn thedocumentsThiswill allow retrieval of documentshatarepartof thedesiredconcepevenwhenthey do
not containary of the queryterms,andwill preventdocumentdbelongingto unrelatecconceptdrom beingretrieved
evenif they containsomeof the queryterms.

This concept-centrimatureof documentss alsooneof the reasonsvhy the problemof documentateayorization
(i.e., assigninga documeninto a pre-determinedlassor topic) is particularlychallenging.Over the yearsa variety
of documentcateyorizationalgorithmshave been deeloped [12 22, 50, 33, 42, 3, 69, 45, 25, both from the ma-
chinelearningaswell asfrom the InformationRetrieval (IR) community A surprisingresultof this researcthas
beenthatnaive Bayesianarelatively simpleclassificatioralgorithm,performswell [47, 48, 46, 54, 17] for document
catgorization,evenwhencomparedgainsiotheralgorithmsthatarecapableof learningsubstantiallymorecomple
models. Someof this robust performancecanbe attributedto the factthat naive Bayesianis ableto modelthe un-
derlyingconceptgpresenin thevariousclassedy summarizinghe characteristicef eachclassusinga probabilistic
framawork, andthusit canexploit the concept-centricatureof thedocuments.

Recently techniquesdasedon dimensionalityreductionhave beenexploredfor capturingthe conceptgresenin
a collection. The mainideabehindthesetechniquess to mapeachdocumenianda queryor a testdocumentjnto
a lower dimensionakpacethat explicitly takesinto accountthe dependenciebetweenthe terms. The associations
presentin the lower dimensionalrepresentatiocanthenbe usedto improve the retrieval or cateyorizationperfor
mance.Thevariousdimensionalityreductiontechniquexanbe classifiedas eithersupervisedr unsupervisedSu-
perviseddimensionalityreductionrefersto the setof techniqueshattake advantageof class-membershipformation
while computinghelowerdimensionaspace Thesaechniquesireprimarily usedfor documentlassificatiorandfor
improving theretrieval performancef pre-catgorizeddocumentollections. Examplesof suchtechniquesnclude
a variety of featureselectionschemeg2, 37, 40, 38, 70, 28, 66, 56, 51] thatreducethe dimensionalityby selecting
a subsetof the original features,andtechniqueghat createnew featuresby clusteringthe terms[3]. On the other
hand,unsupervisedimensionalityreductionrefersto the setof techniqueghat computea lower dimensionakpace
without using ary class-membershimformation. Thesetechniquesare primarily usedfor improving the retrieval
performanceandto alesserextentfor documentateyorization.Examplesof suchtechniquesncludePrincipalCom-
ponentAnalysis(PCA)[30], LatentSemantidndexing (LSI) [15, 5, 19], KohonerSelf-OganizingMap (SOFM)[39]
andMulti-DimensionalScaling(MDS) [31]. In the context of documendatasets,LSI is probablythe mostwidely
usedof thesetechniquesandexperimentshave showvn thatit significantlyimprovestheretrieval performancg5, 19
for awide variety of documentollections.

In this paperwe presenta new fast dimensionalityreductionalgorithm, called concept indexing (CI) that can
be usedboth for supervisedand unsupervisedlimensionalityreduction. The key idea behindthis dimensionality
reductionschemads to expresseachdocumentsa functionof the variousconceptgpresenin the collection. This is
achieved by first finding groupsof similar documentseachgrouppotentiallyrepresenting differentconceptin the



collection,andthenusingthesegroupsto derive the axes ofthereduceddimensionakpace.n the caseof supervised
dimensionalityreduction,Cl finds thesegroupsfrom the pre-«isting classef documentswhereadn the caseof
unsupervisedimensionalityeductionCl findsthesegroupsby usingadocumentlusteringalgorithm. Theseclusters
arefoundusinga nearlineartime clusteringalgorithmwhich contritutesto CI's low computationatequirement.

We experimentallyevaluatethe quality of the lower dimensionakpacecomputedby Cl on a wide rangeof data
setsbothin an unsupervisednda supervisedetting. Our experimentsshav that for unsupervisediimensionality
reductionCl achievescomparableetrieval performanceo thatobtainedy LSI, while requiringanorderof magnitude
lesstime. In the caseof supervisediimensionalityreduction our experimentshaw thatthelower dimensionakpaces
computedby CI significantlyimprove the performancef traditionalclassificationalgorithmssuchasC4.5[60] and
k-nearest-neighbdi 8, 14, 64]. In fact, the averageclassificationaccurag over 21 datasetsobtainedby the k-
nearest-neighbaelgorithmon the reduceddimensionakpaceis 5% higherthanthat achieved by a state-of-the-art
implementatiorof the nave Bayesiaralgorithm[55].

The reminderof this paperis organizedasfollows. Section2 providesa summaryof the earlierwork on dimen-
sionalityreduction.Section3 describeghe vectorspacedocumenmodelusedin our algorithm. Section4 describes
the proposedtoncepindexing dimensionalityreductionalgorithm. Section5 describeghe clusteringalgorithmused
by conceptindexing. Section6 providesthe experimentakvaluationof the algorithm. Finally, Section7 offerssome
concludingremarksanddirectionsfor futureresearch.

2 Previous Work

In this section,we briefly review someof the techniqueghat have been deelopedfor unsupervise@dndsupervised
dimensionalityreductionwhich have beenappliedto documentiatasets.

Unsuper vised Dimensionality Reduction  Thereare several techniquedor reducingthe dimensionalityof
high-dimensionatiatain anunsupervisedetting. Most of thesetechniqueseducethe dimensionalityby combining
multiple variablesor attributesutilizing the dependencieamongthe variables. Consequentlythesetechniquesan
capturesynoryms in the documentdatasets. Unfortunately the majority of thesetechniquegendto have large
computationahndmemoryrequirements.

A widely usedtechniquefor dimensionalityreductionis the Principal Componenfnalysis(PCA) [30]. Given an
n x m document-ternmatrix, PCA usesthe k-leadingeigervectorsof the m x m covariancematrix asthe axes of
thelowerk-dimensionakpace Thesdeadingeigervectorscorrespondo linearcombination®f theoriginal variables
that accountfor the largestamountof term variability [30]. Onedisadwantageof PCA is thatit hashigh memory
andcomputationatequirementslt requiresO(m?) memoryfor the densecovariancematrix, and2 (km?) for finding
thek leadingeigervectors[30]. Theserequirementsreunacceptablyigh for documendatasets,asthe numberof
terms(m) istensof thousandsLatentSemantidndexing (LSI) [5] isadimensionalityreductiontechniquesxtensiely
usedin theinformationretrieval domainandis similarin natureto PCA. LSI, insteadof finding the truncatedsingular
valuedecompositiorof the covariancematrix, findsthe truncatedsingularvaluedecompositiorof the originaln x m
document-ternmatrix, andusesthesesingulareigervectorsasthe axes ofthe lower dimensionakpace.SinceLSI
doesnot requirecalculationof the covariancematrix, it hassmallermemoryand CPU requirementsvhenn is less
thanm [30]. Experimentshave shavn thatLSI substantiallimproves theretrieval performanceon a wide rangeof
datasets[19]. However, the reasorfor LSI's robust performanceés not well understoodandis currentlyan active
areaof research43, 57, 16, 27]. OthertechniquesncludeKohonenSelf-OganizingFeatureMap (SOFM)[39] and



Principal Direction

o ° o o
o °® o 60
0o ° 00 o

o® o P
0o LY 0o oo
©o o, O o,

o °
°o ‘: ®e ‘:
00 i o0 i

° °

o ° L4 °

(a) Data set 1 (a) Data set 2

Figure 1: Problem of PCA or LSl in classification data sets.

MultidimensionalScaling(MDS) [31]. SOFMis a schemebasedon neuralnetworksthatprojectshigh dimensional
input datainto a featuremap of a smallerdimensionsuchthat the proximity relationshipsamonginput dataare
presered. MDS transformsthe original datainto a smallerdimensionalspacewhile trying to presere the rank
orderingof thedistancesamongdatapoints.

Supervised Dimensionality Reduction In principle,all of thetechniqueslevelopedfor unsupervisedimen-
sionality reductioncanpotentiallybe usedto reducethe dimensionalityin a supervisedettingaswell. However, in
doingsothey cannottake advantageof the classor category informationavailablein the dataset. The limitations of
theseapproachem a supervisedettingareillustratedin the classicalexampleshovn in Figurel. In thesedatasets,
theprinciple directiorcomputedy LS| or PCAwill bethesameasit is thedirectionthathasthe mostvarianceThe
projectionof thefirst datasetonto this principal directionwill leadto the worstpossibleclassificationwhereaghe
projectionof the seconddatasetwill leadto a perfectclassification. Anotherlimitation of thesetechniquesn super
viseddatais thatcharacteristivariablesthat describesmallerclassegendto belost asa resultof the dimensionality
reduction.Hence theclassificatioraccurag onthe smallerclassesanbebadin thereduceddimensionakpace.

In general supervisedlimensionalityreductionhasbeenperformedby usingvariousfeatureselectiontechniques
[2, 37, 40, 38, 70, 28, 66, 56, 51]. Thesetechniquesanbe broadlyclassifiedinto two groups,commonlyreferred
to asthe filter- [38] andwrapperbased[38, 64] approachesln the filter-basedapproacheshe differentfeatures
areranked usinga variety of criteria, andthenonly the highest-rankd featuresare kept. A variety of techniques
have been deelopedfor rankingthefeatureqi.e., wordsin the collection)includingdocumentrequeny (numberof
documentsn which aword occurs)mutualinformation[9, 70, 32, 54, andx 2 statisticg70]. Themaindisadwantage
of thefilter-basedapproachess that the featuresare selectedndependentf the actualclassificationalgorithmthat
will beused[38]. Consequentlyeven thoughthe criteriausedfor rankingmeasurehe effectivenesof eachfeature
in the classificationtask, thesecriteria may not be optimalfor the classificationalgorithmused. Anotherlimitation
of this approactis thatthesecriteriameasurehe effectivenesf a featureindependenof otherfeaturesandhence
featuresthat are effective in classificationin conjunctionwith otherfeatureswill not be selected.In contrastto the
filter-basedapproachesyrapperbasedschemedind a subsef featuresusinga classificationalgorithmasa black
box [38, 51, 36, 41]. In this approachthe featuresare selectedbasedon hav well they improve the classification
accurag of thealgorithmused.The wrapperbasedapproachebave beenshavn to be moreeffective thanthefilter-
basedapproacheg mary applicationgd38, 64, 44]. However, the major drawbackof theseapproachess thattheir
computationatequirementsrevery high [36, 41, 36, 41]. Thisis particularlytrue for documentdatasetsin which



thefeaturemumberin thethousands.

Baker and McCallum recently proposeda dimensionalityreductiontechniquebasedon Distributional Cluster
ing [58] of words[3]. This techniqueclusterswordsinto groupsbasedon the distribution of classlabelsassociated
with eachword. Wordsthathave similar classdistribution, given a particularword, aregroupednto a cluster Condi-
tional probability of classesgiven setof words,arecomputedby the weightedaverageof the conditionalprobability
of classe®f individual probability of words. By clusteringwordsthathave similar classdistributions,this technique
canpotentiallyidentify wordsthathave synoryms. However, sinceaword canonly belongto onecluster polysemous
wordswill notbeidentified.

3 Vector -Space Modeling of Documents

In the CI dimensionalityreductionalgorithm,the documentsarerepresentedsingthe vectorspacemodel[62]. In
this model,eachdocumend is consideredo be a vectorin the term-spaceln its simplestform, eachdocumenis
representedly theterm-frequencyTF) vector di = (tfq, tfo, ..., tf,), wheretf; is thefrequengy of theith termin the
document.A widely usedrefinemento this modelis to weight eachterm basedon its inverse documenfrequency
(IDF) in the documentollection. The motivation behindthis weightingis thattermsappearingrequentlyin mary
documentshave limited discriminationpower, andfor this reasorthey needto be de-emphasizedrhis is commonly
done[35, 62] by multiplying thefrequeny of eachtermi by log(N/df;), whereN is thetotal numberof documents
in the collection,anddf; is the numberof documentshatcontaintheith term(i.e., documenfrequeng). This leads
to thetf-idf representationf the documentj.e., Ciiar = (tfy log(N/dfy), tfy log(N/dfy), . . ., tf,, log(N/df,)). Finally,
in orderto accountfor documentsf differentlengths,the length of eachdocumentvectoris normalizedso that it
is of unit length,i.e., ||6tﬁdf||2 = 1. In therestof the paper we will assumethatthevectorrepresentatiorﬂ of each
document hasbeenweightedusingtf-idf andit hasbeennormalizedsothatit is of unit length.

In thevectorspacenodel thesimilarity betweertwo documentsl; andd; is commonlymeasuredisingthecosine
function[62], given by o

di - dj
I ll2 11} 12”
where".” denoteghedot-producbf thetwo vectors.Sincethedocumentectorsareof unitlength,theaboseformula
is simplifiedto cogd;, dj) = d; - d;.

Given asetS of document@ndtheir correspondingectorrepresentationsye definethe centroid vector C tobe
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which s thevectorobtainedby averagingthe weightsof the varioustermsin the documentsetS. We will referto S
asthe supporting set for the centroidC. Analogouslyto individual documentsthe similarity betweera document
andacentroidvectorC is computedisingthe cosinemeasureasfollows:

i¢ d.c

cogd,C) = — =
dliz % [ICll2  [ICll2

®3)

Note that even thoughthe documentvectorsare of lengthone, the centroidvectorswill not necessarilybe of unit
length.
Intuitively, thisdocument-to-centroisimilarity functiontriesto measurghesimilarity betweeradocumenandthe



documentselongingto the supportingsetof thecentroid.A carefulanalysisof Equation3 revealsthatthis similarity
capturesa numberof interestingcharacteristicsIn particular the similarity betweend andC is the ratio of the dot-
productbetweend andC, divided by the lengthof C. If Sis the supportingsetfor C, thenit canbe easilyshavn

[11, 24] that .

d-C= =) cogd.x).
|S| XeS
andthat
= 1 N
IClI2="| 155 D_ > cosd, dj). 4)
| | dieSdjeS

Thus,the dot-producis the averagesimilarity betweerd andall otherdocumentsn S, andthe lengthof the centroid
vectoris thesquare-roobf theaveragepairwisesimilarity betweerthedocumentsn S, includingself-similarity. Note
that becausall the documentshave beenscaledto be of unit length, || Cllz < 1. Hence,Equation3 measureshe
similarity betweera documentindthe centroidof a setS, as the averagesimilarity betweerthe documentandall the
documentsn S, amplifiedby afunctionthatdepend®n the averagepairwisesimilarity betweerthedocumentsn S.
If the averagepairwisesimilarity is small,thenthe amplificationis high, whereasf the averagepairwisesimilarity is
high, thenthe amplificationis small. Oneof theimportantfeaturesof this amplificationparameters thatit captures
thedegreeof dependenghetweerthetermsin S[24]. In generaljf Scontainsdocumentsvhosetermsarepositively
dependenteg., termsfrequentlyco-occurringtogether),then the averagesimilarity betweenthe documentsn S
will tendto be high, leadingto a small amplification. On the otherhand,asthe positive term dependeng between
documentsn S decreasedhe averagesimilarity betweendocumentsn S tendsto alsodecreaseleadingto a larger
amplification. Thus, Equation3 computesthe similarity betweena documentanda centroid, by both taking into
accounthesimilarity betweerthe documentindthe supportingset,aswell asthe dependencielsetweerthetermsin
the supportingset.

4 Concept Indexing

The conceptindexing algorithm computesa lower dimensionalspaceby finding groupsof similar documentsand
usingthemto derive the axes ofthelower dimensionakpace.In therestof this sectionwe describethe detailsof the
Cl dimensionalityreductionalgorithmfor bothan unsupervise@nda supervisingsetting,andanalyzethe natureof
its lower dimensionatepresentation.

4.1 Unsuper vised Dimensionality Reduction

CI computeghe reduceddimensionalspacein the unsupervisedettingasfollows. If k is the numberof desired
dimensions(lI first computesa k-way clusteringof the documentgusingthe algorithmdescribedn Section5), and
then useshe centroidvectorsof the clustersasthe axes ofthe reducedk-dimensionakpace.In particular let D be
ann x m document-ternmatrix, (wheren is the numberof documentsandm is the numberof distincttermsin the
collection)suchthattheith row of D storesthe vectorspacerepresentationf theith documenti.e., D[i, ] = d;).
Cl usesa clusteringalgorithmto partitionthe documentsnto k disjointsets,S1, S, ..., &. Then,for eachsetS, it
computesthecorrespondingentroidvectorCi (asdefinedby Equation2). Thesecentroidvectorsarethenscaledso
thatthey have unit length. Let {6’1, 6’2, e @k} be theseunit lengthcentroidvectors.Eachof thesevectorsform
oneof theaxisof thereduced-dimensionaspaceandthek-dimensionatepresentationf eachdocuments obtained
by projectingit ontothis space This projectioncanbewrittenin matrix notationasfollows. Let C bethem x k matrix



suchthattheith columnof C correspondso C’;. Then,the k-dimensionatepresentationf eachdocumentd is given

by dC, andthe k-dimensionatepresentatioonf the entirecollectionis given by thematrix Dk = DC. Similarly, the
k-dimensionatepresentationf aqueryd for aretrieval isgivenby ¢ C. Finally, thesimilarity betweertwo documents
in thereduceddimensionakpaceds computeddy calculatingthe cosinebetweerthereducedlimensionalectors.

4.2 Supervised Dimensionality Reduction

In the caseof supervisedlimensionalityreduction,Cl usesthe pre-&isting clustersof documentgi.e., the classes
or topicsin which the documentselongto) in finding the groupsof similar documents.In the simplestcase,each
oneof thesegroupscorrespond$o oneof the classesn the dataset. In this case therank of the lower dimensional
spacewill beidenticalto the numberof classes.A lower dimensionalspacewith a rankk thatis greaterthanthe
numberof classes], is computedas follows. ClI initially computesan |-way clusteringby creatinga clusterfor
eachoneof the documentclassesandthen uses clusteringalgorithmto obtaina k-way clusteringby repeatedly
partitioningsomeof theseclusters.Notethatin thefinal k-way clustering eachoneof thesefiner clusterswill contain
documentdgrom only oneclass.Thereverseof this approacltanbeusedto computea lower dimensionakpacehat
hasa rank thatis smallerthanthe numberof distinct classespy repeatedlycombiningsomeof the initial clusters
usinganagglomeratie clusteringalgorithm.However, this lower dimensionakpaceendto leadto poorclassification
performanceasit combinestogethemotentially differentconceptsandis not recommendedNote that oncethese
clustershave beenidentified,thenthe algorithmproceeds$o computethe lower dimensionaspacean thesamefashion
asin theunsupervisedetting(Sectiond.1).

As discussedn Sectionl, supervisedlimensionalityreductionis particularlyusefulto improve the retrieval per
formancen apre-catgorizeddocumentollection,or to improve theaccurag of documentlassificatioralgorithms.
Experimentgpresentedn Section6.3 shav thatthe performancef traditionalclassificatioralgorithms suchasC4.5
[60] andk-nearest-neighbemproves dramaticallyin thereducedspacegoundby ClI.

4.3 Analysis & Discussion

In orderto understandhis dimensionalityreductionschemeit is necessaryo understandwo things. First, we need
to understandvhatis encapsulatedithin the centroidvectors andsecondwe needto understandhe meaningof the
reduceddimensionatepresentationf eachdocument.For the restof this discussionwe will assumehatwe have a
clusteringalgorithmthat returnsk reasonabhgoodclusters[11, 45, 7], given a setof documents By thatwe mean
thateachoneof the clustergendsto containsimilar documentsanddocumentdelongingto differentclustersareless
similar thanthosebelongingto the samecluster

Given a setof documentsthe centroidvector providesa mechanisnto summarizetheir content. In particular
the prominentdimensionsof the vector (i.e., termswith the highestweights),correspondo the termsthatare most
importantwithin the set. Two examplesof suchcentroidvectorsfor two differentcollectionsof document@reshovn
in Tablel (thesecollectionsaredescribedn Section6.1). For eachcollectionwe computeda 20-way clustering,and
for eachof theclustersve computedheir unit-lengthscaledcentroidvectors.For eachof thesevectors,Tablel shavs
the terhighestweightterms. Thenumbetthatprecedegachtermin thistableis theweightof thattermin thecentroid
vector Also notethatthetermsshown in this tablearenotthe actualwords,but their stems.

A numberof obserationscanbe madeby looking at the termspresenin the variouscentroids.First, looking at
the weight of the variousterms,we canseethatfor eachcentroid,therearerelatively few termsthataccountfor a
large fractionof its length. To furtherillustratethis, we computedhe fraction of the centroidlengthfor which these
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1| 0.65 corn 0.20 acre 0.19 bushel 0.18 soybean  0.17 usda 0.17 unknown  0.16 ussr 0.16 tonne 0.13 report 0.12 export 67%
2| 0.46 ga 0.24 oil 0.22 cubic 0.21 reserv 0.20 barrel 0.20 feet 0.19 natur 0.15 drill 0.15 min 0.14 1t 54%
3| 0.65 coffee  0.28 quota 0.27 ico 0.17 bag 0.16 export 0.16 brazil 0.14 colombia  0.14 meet 0.13 produc 0.12 ibc 2%
4| 0.45 tonne 0.35 palm 0.20 import 0.18 oil 0.15 januari 0.14 rapese 0.14 beef 0.14 februari 0.13 min 0.13 export 51%
5| 0.35 copper  0.30 steel 0.20 ct 0.19 aluminium 0.16 cent 0.15 smelter 0.14 pound 0.14 1b 0.14 price 0.14 alcan 42%
6] 0.32 crop 0.24 grain 0.20 wheate 0.19 cotton 0.19 min 0.19 weather 0.16 china 0.16 rain 0.15 plant 0.15 tonne 40%
7] 0.45 bble 0.39 crude 0.31 post 0.26 ct 0.22 dir 0.21 wti 0.20 raise 0.16 distill 0.16 price 0.15 gasolin 2%
8| 0.45 dollar 0.28 bank 0.24 portland 0.23 yen 0.17 load 0.16 juice 0.16 ship 0.14 japan 0.13 orang 0.12 dealer 52%
9| 0.73 sugar 0.22 tonne 0.22 white 0.15 trader 0.14 intervent 0.14 ec 0.13 tender 0.12 ecu 0.12 rebat 0.11 cargoe 75%
10| 0.59 gold 0.35 ounce 0.33 ton 0.30 mine 0.14 ore 0.12 feet 0.12 silver 0.10 assai 0.09 reserv 0.09 coin 74%
11| 0.49 ec 0.34 maize 0.24 tax 0.20 tonne 0.17 european 0.17 licenc 0.17 ecu 0.16 commiss 0.16 barlei 0.14 commun 61%
12| 0.30 wheate  0.27 soviet 0.22 farm 0.22 lyng 0.21 hill 0.19 offer 0.18 grain 0.15 agricultur  0.14 eep 0.13 loan 43%
13| 0.39 cocoa _ 0.35 buffer 0.26 deleg 0.24 rubber 0.22 stock 0.22 icco 0.17 pact 0.17 consum 0.14 rule 0.13 council 59%
14| 0.32 ship 0.24 gulf 0.22 tanker 0.22 iran 0.21 missil 0.18 vessel 0.15 attack 0.14 iranian 0.13 sea 0.13 line 41%
15[ 0.43 oil 0.29 tax 0.18 herrington 0.17 explor 0.16 energi 0.15 import 0.12 reagan 0.12 studi 0.12 industri 0.11 petroleum 43%
16| 0.28 credit 0.28 wheate 0.25 ccc 0.24 depart 0.22 nil 0.19 sale 0.18 commod _ 0.18 guarante 0.18 bonu 0.17 min 49%
17| 0.43 ecuador 0.27 bpd 0.27 refineri 0.25 crude 0.25 oil 0.21 pipelin 0.20 venezuela 0.13 min 0.12 barrel 0.12 energi 59%
18| 0.43 wheate  0.42 tonne 0.24 tender 0.24 barlei 0.22 taiwan 0.18 shipment  0.15 soft 0.14 export 0.14 home 0.13 deliveri 64%
19| 0.48 strike 0.28 seamen 0.28 union 0.25 port 0.22 worker 0.14 employ 0.13 ship 0.12 pai 0.11 spokesman _ 0.11 talk 57%
20| 0.49 opec 0.31 saudi 0.27 oil 0.25 bpd 0.24 barrel 0.18 min 0.17 price 0.15 arabia 0.14 crude 0.12 al 65%
new3
1] 0.25 russian _ 0.19 russia 0.18 rwanda 0.17 moscow _ 0.14 soviet 0.14 rebel 0.13 nato 0.13 un 0.13 tass 0.12 militari 26%
2| 0.41 vw 0.30 lopez 0.24 iraq 0.23 gm 0.20 matrix 0.19 opel 0.18 inquiri 0.18 churchill 0.16 volkswagen 0.16 scot 56%
3| 0.15 econom 0.15 export 0.14 percent 0.12 enterpris  0.12 russian 0.11 reform 0.11 product 0.11 economi 0.10 social 0.10 russia 15%
4| 0.26 tunnel  0.19 rail 0.16 argentina 0.15 school 0.14 curriculum  0.14 eurotunnel 0.14 british 0.14 pound 0.14 channel 0.14 labour 27%
5| 0.39 hyph 0.29 food 0.22 blank 0.19 label 0.16 fda 0.14 fsi 0.14 speci 0.14 poultri 0.14 cfr 0.12 stag 44%
6| 0.71 drug 0.21 patient 0.16 azt 0.14 aid 0.14 fda 0.12 addict 0.10 epo 0.09 treatment  0.08 amgen 0.08 hiv 66%
7| 0.46 korea 0.33 north 0.32 nuclear 0.31 iaea 0.28 korean 0.21 dprk 0.18 inspect 0.16 pyongyang 0.15 seoul 0.10 sanction 73%
8| 0.52 tax 0.28 bank 0.24 cent 0.23 pound 0.17 incom 0.16 vate 0.15 rate 0.12 taxe 0.11 financ 0.11 imf 57%
9| 0.28 japan 0.25 vietnam 0.24 china 0.23 trade 0.22 rice 0.19 japanes 0.17 gat 0.15 tokyo 0.12 vietnames _ 0.11 import 41%
10| 0.59 women  0.47 violenc 0.19 domest 0.15 crime 0.13 speaker 0.12 victim 0.12 abus 0.10 batter 0.10 bill 0.10 sexual 70%
11| 0.26 helmslei 0.24 hunter 0.20 tax 0.18 fraud 0.17 evasion 0.16 dominelli  0.15 rose 0.15 sentenc 0.13 guilti 0.13 juri 33%
12| 0.38 al 0.24 palestinian _0.23 arab 0.22 israe 0.18 israel 0.17 islam 0.16 lebanon 0.14 kil 0.13 terrorist 0.11 afp 44%
13| 0.35 cent 0.24 compani__ 0.21 dollar 0.18 pound 0.16 pharmaceut 0.16 price 0.14 pulp 0.13 paper 0.12 sale 0.12 market 37%
14| 0.43 kong 0.43 hong 0.22 chines 0.21 china 0.20 beij 0.18 journalist  0.16 taiwan 0.15 yang 0.14 mainland 0.13 giandao 62%
15[ 0.47 grain 0.34 agricultur  0.23 price 0.19 rural 0.18 product 0.17 percent 0.15 yuan 0.15 farm 0.14 farmer 0.14 peasant 57%
16| 0.62 nuclear  0.30 pakistan 0.23 india 0.18 weapon 0.17 ukrain 0.15 plutonium  0.12 treati 0.12 prolifer 0.12 reactor 0.12 japan 67%
17| 0.38 nafta 0.33 mexico 0.17 mexican 0.17 speaker  0.16 american 0.16 trade 0.16 gentleman 0.16 job 0.13 rep 0.12 house 44%
18| 0.24 polic 0.17 kill 0.16 anc 0.15 murder 0.14 africa 0.11 offic 0.10 death 0.10 journalist  0.10 african 0.10 johannesburg| 21%
19| 0.47 drug 0.34 traffick 0.25 cocain 0.20 cartel 0.20 colombia 0.17 colombian 0.17 polic 0.13 arrest 0.12 spanish 0.12 narcot 58%
20| 0.24 water 0.24 forest 0.22 environment 0.21 river 0.21 project 0.16 pollution  0.16 amazon 0.14 power 0.13 gorge 0.13 energi 36%

Table 1: The ten highest weight terms in the centroids of the clusters of two data sets.

termsare responsible.This is shavn in the last columnof eachtable. For example,the highestten termsfor the
first centroidof rel accountfor 67% of its length,for the secondcentroidaccountfor 54% of its length,andso for.
Thus, eachcentroidcanbe describedoy a relative small numberof keyword terms. This is a direct consequencef
the factthat the supportingsetsfor eachcentroidcorrespondo clustersof similar documentsandnot just random
subsetof documentsSecondthesetermsarequite effective in providing a summaryof the topicsdiscussedvithin
thedocumentsandtheirweightsprovide anindicationof how centralthey arein thesetopics. For example Jookingat
thecentroidsfor rel, we seethatthefirst clustercontainsdocumentshat talkaboutthe export of agriculturalproducts
to USSR, the secondtlustercontainsenegy relateddocumentsthethird clustercontainsdocumentselatedto coffee
production,andsoon. This featureof centroidvectorshasbeenusedsuccessfullyin the pastto build very accurate
summarieg11, 45], andto improve the performancef clusteringalgorithms[1]. Third, the prevalenttermsof the
variouscentroidsoftencontaintermsthatactassynorymswithin thecontext of thetopicthey describe This caneasily
be seenin someof the clustersfor new3. For example,the termsrussianandrussiaarepresenin the first centroid,
the termsvw and volkswagen are presentin the secondcentroid,andthe termsdrug and narcot are presentin the
nineteenttcentroid. Note thatthesetermsmay not necessarilyoe presenin a singledocumenthowever, suchterms
will easilyappeairin the centroidvectorsif they are usedinterchangeablyo describethe underlyingtopic. Fourth,
looking atthevarioustermsof the centroidvectorswe canseethatthe sametermoftenappearsn multiple centroids.
This caneasilyhapperwhenthe supportingsetsof thetwo centroidsarepartof the sametopic, but it canalsohappen
becausenary termshave multiple meaninggpolysemy. For example this happendn the caseof thetermdrugin the
sixth andnineteentictlusterof new3. The meaningof drug in the sixth clusteris thatof prescriptiondrugs,whereas
themeaningof drugin thenineteenttclusteris thatof narcotics.This polysemyof termscanalsobeseerfor theterm



fda, thatis the abbreviation of the Food & Drug Administration! thatoccursin the fifth andsixth clustersof new3.
The meaningof fda in thefifth clustercorrespondso the food-regulatory functionof FDA (this canbe inferredby
looking at the othertermsin the centroidsuchasfood, label, poultri), whereaghe meaningof fdain the sixth cluster
correspondso the drug-regulatory functionof FDA (this canbeinferredby looking at the othertermssuchasdrug,
patient,azt etc). To summarizethe centroidvectorsprovide a very effective mechanisnto representhe concepts
presentn the supportingsetof documentsandthesevectorscaptureactualaswell aslatentassociationbetweerthe
termsthatdescribethe concept.

Given a setof k centroidvectorsanda documend, theith coordinateof the reduceddimensionafepresentation
of this documents the similarity betweerdocumentl andtheith centroidvectorasmeasuredby the cosinefunction
(Equation3). Note thatthis is consistenwith the earlier definition (Section4.1), in which the ith coordinatewas
definedasthe dot-producbetweerﬂ, andthe unit-lengthnormalizedcentroidvector C’;. Thus,thedifferentdimen-
sionsof the documenin the reducedspacecorrespondo the degreeat which eachdocumenimatcheghe concepts
thatare encapsulatedithin the centroidvectors. This interpretationof the low dimensionakepresentationf each
documents thereasorthatwe call our dimensionalityreductionschemeconcept indexing. Notethatdocumentshat
areclosein theoriginal spacewill alsotendbeclosein thereducedspaceasthey will matchthedifferentconceptgo
the samedegree.Moreover, becausé¢he centroidscapturdatentassociationbetweerthe termsdescribinga concept,
documentshataresimilar but areusingsomevhatdifferenttermswill beclosein thereducedspacesventhoughthey
maynotbeclosein theoriginal spacethusimproving theretrieval of relevantinformation.Similarly, documentshat
areclosein the original spacedueto polysemousvords,will befurtherapartin the reduceddimensionakpacethus,
eliminatingincorrectretrievals. In fact, asour experimentsn Section6.2 show, Cl is ableto improve the retrieval
performancegcomparedo thatachiesed in the original space.

5 Finding the Cluster s

Overtheyearsa variety of documentlusteringalgorithmshave been deelopedwith varyingtime-qualitytrade-ofs
[11, 45]. Recently partitional baseddocumentclusteringalgorithmshave gainedwide-spreadacceptanceas they
provide reasonabhgoodclustersandhave anearlineartime compleity [11, 45, 1]. For this reasonthe clustering
algorithmwe usedin Cl is derived from this generaklassof partitionalalgorithms.

Partitional clusteringalgorithmscomputea k-way clusteringof a setof document®itherdirectly or via recursve
bisection.A directk-way clusteringis computedhsfollows. Initially, a setof k documentss selectedrom thecollec-
tion to actasthe seedof thek clusters.Then,for eachdocumentits similarity to thesek seedss computedandit is
assignedo theclustercorrespondingo its mostsimilar seed.This formstheinitial k-way clustering.This clustering
is thenrepeatedlyefinedusingthe following procedure First, the centroidvectorfor eachclusteris computedand
theneachdocuments assignedo the clustercorrespondingdo its mostsimilar centroid. This refinementprocess
terminatesitheraftera predeterminedmall numberof iterations,or afteraniterationin which no documenmoved
betweertlusters A k-way partitioningvia recursve bisectionis obtainedoy recursvely applyingtheabove algorithm
to compute2-way clusteringg(i.e., bisections).Initially, the documentsrepartitionedinto two clusters thenoneof
theseclusterss selectedandis furtherbisectedandsoon. This procesgontinuek — 1 times,leadingto k clusters.

A numberof differentschemehave been deelopedfor selectingthe initial setof seeddocumentg11, 20, 45].
A commonlyusedschemass to selecttheseseedsat random. In suchschemesa small numberof differentsetsof

1For the non-USreader FDA is responsibldor regulatingfood productsandprescriptiondrugswithin the US.



randomseedsare oftenselecteda clusteringsolutionis computedusingeachoneof thesesets,andthe bestof these
solutionsis selectedasthefinal clustering. The quality of suchpartitionalclusteringss evaluatedby computingthe
similarity of eachdocumento the centroidvectorof the clusterthatit belongsto. The bestsolutionis the onethat
maximizesthe sumof thesesimilaritiesover the entiresetof documentsClI’s clusteringalgorithmusesthis random
seedapproachandselectshebestsolutionobtainedout of five randomsetsof seeds.

The CI algorithmcomputesa k-way clusteringof the documentsisingrecursve bisection. This approachgives
a bettercontrol of the relative size of the clusters,asit tendsto produceclusterswhosesizesare not substantially
different. This tendsto leadto betterdimensionalityreductionsfor the following reason. Recall from Section4,
that Cl usesthe centroidvectorsto representhe conceptgpresenin the collection. Ideally, givena small numberof
dimensionswe wouldlik eto captureconceptghatarepresentn alargenumbernf documentsThisis betterachiered
if the centroidvectorsare obtainedfrom larger clusters.We foundin our experimentgwhich arenot reportedhere)
thata directk-way clusteringsolutionmaysometimegreatesomevery smallclustersasit tendsto bemoresensitve
to outliers.

Oneof the key stepsin ary recursve bisectionclusteringalgorithmis the schemeusedto selectwhich clusterto
partitionnext. Thatis, given an |-way clusteringsolution,the algorithmmustselectoneof these clustersto bisect
further, so thatit will obtainthe (I + 1)-way clusteringsolution. A simpleschemewill beto selectthe clusterthat
containsthe largestnumberof documents.Unfortunately even thoughthis schemeendsto produceclusterswhose
sizeis not substantiallydifferent, in certaincasesconceptsmay be over-representedh the final clustering. This
will happenin casesn which the actualnumberof documentsupportingthe variousconceptsare of substantially
differentsize. In suchscenariosbisectingthe largestclustercaneasilyleadto a solutionin which thelarge concepts
are capturedby multiple clusters,but the smaller conceptsare completelylost. Ideally, we would like to bisecta
clusterthatcontainsa large numberof dissimilardocumentsasthis will allow us to both capturedifferentconcepts,
andatthe sametime ensurethattheseconceptsarepresentn alargenumberof documents.

Cl achievesthis goalasfollows. Recallfrom Section3, thatgiven a clusterS; andits centroidvectorC; thesquare
of thelengthof this vector(i.e., ||Ci [ 22) measurethe averagepairwisesimilarity betweerthedocumentsn S;. Thus,
we canlook at 1 — ||Cj||2? asa measuref the averagepairwisedissimilarity Furthermorehe aggreatepairwise
dissimilarity betweerthe documentsn the clusteris equalto

AggregateDissimilarity = |S%(1 — ||Ci [|29). (5)

Cl usesthis quantityin selectingthe next clusterto bisect. In particular Cl bisectsthe clusterthat hasthe highest
aggregatedissimilarity over all theclusters.

Thecompleity of this clusteringalgorithmis O(nlogk), wheren is thenumberof documentsindk is the number
of clusters Furthermorefor largedocumentlatasetssuchasWWW documentindexed by searchenginesglustering
algorithmq71, 8, 21] utilizing sampling out-of-corgechniquesandincrementatlusteringcanbeusedo find clusters
efficiently.

6 Experimental Results

In this sectionwe experimentallyevaluatethe quality of the dimensionalityreductionperformedby ClI. Two different
setsof experimentsarepresentedT hefirst setfocuseson evaluatingthe documentetrieval performancechiered by

Cl whenusedto computethe dimensionalityreductionin an unsupervisedetting,andits performances compared
againsLSI. Thesecondsetof experimentdocuseson evaluatingthe quality of thedimensionalityeductioncomputed
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by Cl in asupervisedetting,bothin termsof thedocumentetrieval performanceaswell asin termsof theclassifica-
tion improvementsachieved by traditionalclassificatioralgorithmswhenoperatingn thereduceddimensionabkpace.

In all theexperimentausingLSl, we usedthe sameunit lengthtf-idf documentepresentationsedby CI.

6.1 Document Collections

Data Source #of doc | #of class| minclasssize | maxclasssize | avg classsize| # of words
westl WestGroup 500 10 39 73 50.0 977
west2 WestGroup 300 10 18 45 30.0 1078
west3 WestGroup 245 10 17 34 245 1035
oh0 OHSUMED-233445 1003 10 51 194 100.3 3182
oh5 OHSUMED-233445 918 10 59 149 91.8 3012
ohl0 | OHSUMED-233445 1050 10 52 165 105.0 3238
oh15 OHSUMED-233445 913 10 53 157 91.3 3100
ohscal | OHSUMED-233445 11162 10 709 1621 1116.2 11465
re0 Reuters-21578 1504 13 11 608 115.7 2886
rel Reuters-21578 1657 25 10 371 66.3 3758
trll TREC 414 9 6 132 46.0 6429
tr12 TREC 313 8 9 93 39.1 5804
tr21 TREC 336 6 4 231 56.0 7902
tr31 TREC 927 7 2 352 132.4 10128
tr4l TREC 878 10 9 243 87.8 7454
tr45 TREC 690 10 14 160 69.0 8261
lal TREC 3204 6 273 943 534.0 31472
la2 TREC 3075 6 248 905 512.5 31472
fbis TREC 2463 17 38 506 144.9 2000
new3 TREC 9558 44 104 696 217.2 83487
wap WebACE 1560 20 5 341 78.0 8460

Table 2: Summary of data sets used.

Thecharacteristicef thevariousdocumentollectionsusedn ourexperimentaresummarizedh Table2. Thefirst
threedatasetsarefrom the statutorycollectionsof the legal documenpublishingdivision of WestGroupdescribed
in [10]. Datasetstrll, tr12, tr21, tr31, tr41,tr45, and new3 are derived from TREC-5[63], TREC-6[63], and
TREC-7[63] collections. Data setfbis is from the Foreign Broadcastinformation Servicedata of TREC-5[63].
Datasetslal, andla2 arefrom the Los AngelesTimesdata of TREC-5[63]. The classe®f thevarioustrXX, new3,
andfbis datasetswere generatedrom the relevancejudgmentprovidedin thesecollections. The classlabels of
lal andla2 were generatedaccordingto the nameof the newspapersectionsthat thesearticlesappearedsuchas
“Entertainment”;'Financial”, “Foreign”,“Metro”, “National”, and“Sports”. Datasetsre0 andrel arefrom Reuters-
21578text categorizationtestcollectionDistribution 1.0[49]. We dividedthelabelsinto 2 setsandconstructediata
setsaccordingly For eachdataset,we selectedlocumentshathave asinglelabel. Datasetsoh0, oh5ph10,0h15 and
ohscalarefrom the OHSUMED collection[26] subsetof MEDLINE databasewhich contains233,445documents
indexed using14,321uniquecatagories.We took differentsubsetf cateyoriesto constructhesedatasets.Dataset
wapis from the WebACE project(WAP) [56, 23, 6, 7]. Eachdocumentorrespond# awebpagelistedin thesubject
hierarchyof Yahoo![67]. For all datasetswe useda stop-listto remore commorwords,andthewordswerestemmed
usingPorters sufiix-strippingalgorithm[59].

6.2 Unsuper vised Dimensionality Reduction

Oneof thegoalsof dimensionalityreductiontechniquesuchasCl andLSl is to projectthe document®f acollection
ontoalow dimensionakpacesothatsimilar documentgi.e., documentshatarepartof the sametopic) comecloser
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togetheyrelative to documentdelongingto differenttopics. This transformationif successfulganleadto substantial
improvementsn theaccurag achiered byregularqueries.Thequeryperformancés oftenmeasuredby lookingatthe
numberof relevantdocumentpresentn thetop-rankedreturneddocumentsldeally, aqueryshouldreturnmostof the
relevantdocumentgrecall), andthe majority of thedocumentseturnedshouldberelevant(precisior). Unfortunately
anumberof thelargercollectionsin our experimentatestbeddid nothave pre-definedjueriesassociatedvith them,
sowe werenot ableto performthis type of evaluation.For this reasorour evaluationwas performedn termsof how
effective thereducedlimensionabpacewasin bringingclosertogethedocumentshatbelongto the sameclass.

To evaluatethe extentto which a dimensionalityreductionschemds ableto bring closertogethersimilar docu-
ments,we performedhefollowing experimentfor eachoneof thedatasetsshaovnin Table2. Let D beoneof these
datasetsFor eachdocumend € D, we computedhe k-nearest-neighbaetsbothin the original aswell asin the
reduceddimensionabpace.Let K § andK}; be thesesetsin the original andreducedspaceyespectiely. Then,for
eachof thesesets we countedhe numberof documentshatbelongto thesameclassasd, andlet n § andnf; bethese
counts.Let No = > 4.png, andN; = >4 p nj, be the cumulative countsover all the documentsn the dataset.
Given thesetwo counts thenthe performancef a dimensionalityreductionschemeawas evaluatedoy comparingN ,
againstN,. In particular if theratio N, /N is greatetthanone,thenthe reducedspacewas successfuin bringinga
larger numberof similar documentglosertogetherthanthey werein the original spacewhereasf theratio is less
thanone,thenthe reducedspaces worse. We will referto this ratio astheretrieval improvement (RI) achieved by
thedimensionalityreductionscheme.

An alternateway of interpretingthis experimentis thatfor eachdocumend, we performa queryusingd asthe
queryitself. In this context, thesetsK § andK [, arenothingmorethantheresultof this query thenumbers§ andny,
areameasur®f therecall,andthenumbersNy andN, areameasuref thecumulatve recallachieszed by performing
asmary queriesasthe total numberof documents.Thus,retrieval performanceancreasess N, increasesbecause
boththerecall,andbecauseve computetherecallon afixed sizeneighborhoodthe precisionalsoincreases.

Table 3 shawvs the valuesfor the Rl measureobtainedby both ClI andLSI on the eight largestdatasetsin our
testbed. The Rl measuravas computedusingthe 20-nearest-neighbofs Thefirst columnsof thesetablesshov the
numberof dimensionof thereducedspace.For re0,rel,lal, la2,fhis, wap, andohscalwe used10, 20, 30, 40and
50 dimensionswhereador new3, we used25, 50, 75,100,and125. Thisis becausefor thefirst seven datasets,the
retrieval performanceeaksat a smallernumberof dimensionghandoesfor new3.

Lookingattheseresultswe canseethattheretrieval improvementsachieved by Cl arecomparabléo thoseachiered
by LSI. Both schemesvereableto achieve similar valuesfor the RI measureandboth schemegomputespacesn
which similar documentsare closertogether(the Rl measuresre greaterthanonein mostof the experiments).Cl
doessomeavhatbetterfor lal, fbis, andohscal andLSI doessomavhatbetterfor rel,wap, andnen3; howeverthese
differencesare quite small. This canalsobe seenby comparingthe last row of the table,which shawvs the average
value ofRI thatis achiesed over thefive differentlower dimensionakpaces.

The resultspresentedn Table 3 provide a global overview of the retrieval performanceachieved by Cl over an
entirecollectionof documentsTo seehow well it doesin bringingclosertogethedocument®f thedifferentclasses,
we computedheRI measur@naperclasshasis.Theseresultsareshovn in Table4 for bothCl andLSI. Dueto space
considerationsye only presenthe perclasscomparisongor a singlenumberof dimensionsIn particular for new3,
Table4 shavstheperclassRl measuresbtainedoy reducingthe numberof dimensiondo 125,andfor theotherdata

2We alsocomputedhe RI measuresising10-, 30-,and40-nearest-neighbor3herelative performancédetweenCl andLSI remainedhesame,
sowe did notincludetheseresults.
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re0 rel lal la2 fbis wap ohscal
Ndims Cl LSI Cl | LsSI Cl LSl Cl LSl Cl LSl Cl LSl Cl LSl
10 1.03| 1.06| 0.92| 0.97 114 1.13 1.13| 1.12] 1.00| 1.00 1.00| 1.03 124 121
20 1.06 | 1.08 1.02 | 1.03 115| 1.14 113 | 1.13] 1.04| 1.05 109| 111 1.30 1.32
30 1.08 | 1.07 1.04 | 1.06 1.15| 1.12 112 | 1.13] 1.08| 1.06 1.10| 1.11 1.32 1.32
40 1.09 | 1.06 1.07 | 1.06 115| 1.12 113 | 1.12] 1.09| 1.05 110| 1.12 1.33 1.30
50 1.09 | 1.06 1.07 | 1.08 114 1.12 113 | 1.11] 1.09| 1.05 109| 111 1.33 1.29
Average | 1.07 | 1.066 | 1.024 | 1.04| 1.146| 1.126| 1.128 | 1.122| 1.06 | 1.042| 1.076| 1.096| 1.304| 1.288
new3

Ndims Cl LSI

25 0.98 | 1.03

50 1.06 | 1.08

75 1.07 | 1.09

100 1.09 | 1.09

125 1.09 | 1.09

Average| 1.058 | 1.076

Table 3: The values of the RI measure achieved by Cl and LS.

sets,Table4 shavstheperclassRl measuresbtainedby reducingthe numberof dimensiongo 50. Also notethatfor
eachdatasetthe columnlabeled*Size” shavs the numberof documentsn eachclass.Thevariousclassesresorted
in decreasinglass-sizeorder

A numberof interestingobsenationscanbe madefrom the resultsshavn in this table. First, the overall perfor
manceof Cl is quite similar to LSI. Both schemesre ableto improve the retrieval performancdor someclasses,
andsomevhatdecreasdt for others. Secondthe size of the differentclassesloesaffect the retrieval performance.
Both schemedendto improve the retrieval of larger classesat a higherdegreethanthey do for the smallerclasses.
Third, from theseresultswe canseethat Cl comparedo LSI, in generaldoessomeavhatbetterfor largerclasseand
somevhatworsefor smallerclassesWe believethisis adirectresultof theway theclusteringalgorithmusedby Cl is
biasedtowardscreatinglarge clusterg(Sections). A clusteringsolutionthatbetterbalanceshetradeofs betweerthe
sizeandthe varianceof the clusterscanpotentiallyleadto betterresultsevenfor the smallerclassesThis is anarea
thatwe arecurrentlyinvestigating.

Summarizingthe results,we canseethat the dimensionalityreductionscomputedby Cl achiere comparablae-
trieval performancedo that obtainedusingLSI. However, the amountof time requiredby CI to find the axes ofthe
reduceddimensionalityspaceis significantlysmallerthanthat requiredby LSI. CI finds theseaxesby just usinga
fastclusteringalgorithm,wheread S| needgo computethe singularvalue-decompositiorTherun-timecomparison
of Cl andLSI is shavn in Table5. We usedthe single-wvectorLanczosmethod(las2) of SVDRACK [4] for LSI.
SVDPACK is awidely usedpackagédor computingthe singularvalue-decompositioaf sparsematricesandlas2 is
thefastesimplementatiorof SVD amonghealgorithmsavailablein SYVDPACK. Fromtheresultsshovnin this table
we canseethatCl is consistentlyeightto tentimesfasterthanLSlI.

6.3 Supervised Dimensionality Reduction

Oneof themainfeatureof Cl is thatit canquickly computethe axes ofthereduceddlimensionakpaceby takinginto
accounta priori knowledgeaboutthe classeghatthe variousdocumentdelongto. As discussedn Section4, this
supervisedlimensionalityreductionis particularlyusefulto improve the retrieval performancenf a pre-catgorized
collectionof documentsTo illustratethis, we usedthe samesetof datasetsasin the previous section,but this time
we usedthe centroidof the variousclassessthe axes ofthe reduceddimensionalityspace.The Rl measuresor the
differentclassesn eachoneof thesedatasetsareshavn in Table6. Notethatthe numberof dimensiorin thereduced
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re0 rel fbis wap new3

Size Cl LS| Size Cl LS| Size Cl LS| Size Cl LS| Size Cl LS|
608 | 1.06 | 1.01 371 | 1.08 | 1.05 506 | 1.05 | 1.03 341 | 1.06 | 1.04 696 | 1.10 | 1.05
319 | 1.15 | 1.11 330 | 1.11 | 1.06 387 | 1.00 | 0.99 196 | 1.31 | 1.32 568 | 1.01 | 0.98
219 | 1.19 | 1.12 137 | 1.21 | 1.24 358 | 1.17 | 1.14 168 | 0.97 | 0.94 493 | 1.35 | 1.24
80 | 1.53 ] 1.30 106 | 1.19 | 1.13 190 | 1.03 | 0.99 130 | 0.99 | 1.03 369 | 1.10 | 1.11
60 | 1.04 ] 0.99 99 | 1.06 | 1.04 139 | 1.02 | 1.04 97 | 1.13 | 1.09 330 | 1.02 | 1.03
42 097 | 114 87 1.07 | 1.04 125 | 1.22 | 1.15 91 1.16 | 1.29 328 | 1.05| 1.08
39 |1 098] 114 60 | 1.15] 1.14 121 | 1.03 | 1.09 91 | 151 | 1.74 326 | 1.11 | 1.09
38 | 1.06 | 0.82 50 | 0.79 | 0.90 119 | 0.97 | 0.99 76 | 1.08 | 1.14 306 | 1.05 | 1.05
37 1089 1.16 48 | 0.94 | 0.99 94 | 1.28 ] 1.20 65 | 1.02 | 0.99 281 | 1.09 | 1.05
20 0.95 | 1.06 42 0.82 | 1.01 92 1.27 | 1.09 54 1.01 | 1.09 278 | 1.06 | 1.06
16 | 0.75 | 1.00 37 1092|122 65 | 0.93 ] 1.04 44 |1 155| 1.34 276 | 1.06 | 1.03
15 0.86 | 0.76 32 1.04 | 1.19 48 1.39 | 1.29 40 0.84 | 0.88 270 | 1.17 | 1.14
11 [ 0.68 | 0.73 31 | 113 | 1.23 46 | 097 | 1.14 37 | 1.43 | 1.27 253 | 1.25 | 1.29
31 | 112 | 1.26 46 | 1.08 | 1.06 35 | 1.69 | 1.52 243 | 1.05 | 1.04

27 |1 115] 1.30 46 | 0.99 | 0.97 33 | 1.03| 1.10 238 | 1.05 | 1.08

20 | 0.99 | 1.06 43 |1 0.87 | 091 18 | 0.49 | 0.52 218 | 1.07 | 1.11

20 | 1.24 ] 1.27 38 | 1171094 15 | 0.75 ] 0.76 211 | 1.02 | 1.02

19 | 0.93 ] 0.93 13 | 0.53 | 0.87 198 | 1.26 | 1.38

19 | 0.61 | 0.80 11 | 1.07 | 1.02 196 | 1.15 | 1.14

18 | 0.61 | 0.97 5 0.78 ] 0.78 187 | 1.11 | 1.16

18 | 0.73 | 1.09 181 | 1.22 | 1.23

17 | 0.69 | 0.83 179 | 1.07 | 1.02

15 | 1.08 | 0.98 174 1 0.94 | 0.99

13 0.82 | 0.80 171 | 1.44 | 1.35

10 | 0.50 | 0.43 171 | 0.95 | 1.00

161 | 1.09 | 1.11
159 | 1.22 | 1.19
153 | 1.06 | 1.02
141 | 1.13 | 1.16
139 | 1.06 | 1.10
139 | 1.12 | 1.11

lal la2 ohscal 136 | 1.01 | 1.08

Size Cl LSI Size Cl LS| Size Cl LS| 130 | 1.23 | 1.22
943 | 1.16 | 1.12 905 | 1.17 | 1.13 1621 | 1.28 | 1.24 126 | 1.17 | 1.08
738 | 1.09 | 1.07 759 | 1.07 | 1.06 1450 | 1.37 | 1.37 124 | 1.03 | 1.03
555 | 1.16 | 1.11 487 | 1.16 | 1.13 1297 | 1.21 | 1.19 123 | 1.00 | 1.16
354 | 1.26 | 1.25 375 | 1.14 | 1.15 1260 | 1.28 | 1.29 120 | 0.89 | 0.97
341 | 1.14 | 1.24 301 | 1.09 | 1.14 1159 141 | 141 116 | 0.81 | 0.92
273 | 1.08 | 1.08 248 | 1.00 | 1.09 1037 ] 1.34 | 1.39 115 1 0.94 | 1.03
1001 | 1.57 | 1.53 110 | 1.13 | 1.08

864 | 1.34 | 1.33 110 | 1.02 | 1.07

764 | 1.42 ] 1.35 106 | 1.00 | 1.02

709 | 1.16 | 1.28 105 | 1.12 | 1.16

104 ] 1.36 | 1.17

Table 4: The per-class RI measures for various data sets.

spaceor eachdatasetis different,andis equalto the numberof classesn thedataset.

As we canseefrom this table,the supervisedlimensionalityreductioncomputedoy Cl dramaticallyimproves the
retrieval performancdor all the differentclassesn eachdataset. Moreover, theretrieval performancef the smaller
classegendsto improve the most. This is becausén unsupervisedliimensionalityreduction,thesesmallerclasses
arenot sufiiciently represente¢asthe experimentsshawvn in Table4 indicate),whereasn supervisediimensionality
reductionall classesareequallyrepresentedegardles®f theirsize.

The superviseddlimensionalityreductionperformedby ClI canalsobe usedto improve the performanceof tra-
ditional classficationalgorithms. To illustrate this, we performedan experimentin which we usedtwo traditional
classficationalgorithms,C4.5 andk-nearest-neighbpboth on the original space aswell ason the reducecdimen-
sionalspace.C4.5[60] is a widely useddecisiontree-basedlassficationalgorithmthathasbeenshowvn to produce
goodclassficationresults,primarily on low dimensionabatasets. The k-nearest-neighbdkNN) classficational-
gorithmis awell known instance-basedassficationalgorithmthathasbeenappliedto text categyorizationsincethe
earlydaysof researclj53, 29, 69].
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re0 | rel lal la2 fbis wap | ohscal| new3
Cl 056 | 0.72| 5.01| 459| 3.17| 1.97 7.01| 29.85
LSI | 6.58 | 7.00 | 44.20| 39.80| 20.10| 18.10| 65.10| 275.00

Table 5: Run-time comparison (in seconds) of LS| and CI. These times correspond to the amount of time required to compute 50
dimensions for all data sets except new3 for which 125 dimensions were computed. All experiments were performed on a Linux
workstation equipped with an Intel Pentium Il running at 500Mhz.

For eachsetof documentsthe reduceddimensionalityexperimentswere performedasfollows. First, the entire
setof documentsvas split into a trainingandtestset. Next, the training setwas usedto find the axes ofthereduced
dimensionakpaceby constructinganaxis for eachoneof the classe$. Then,boththetrainingandthetestsetwere
projectedinto this reduceddimensionakpace.Finally, in the caseof C4.5, the projectedtraining andtestsetwere
usedto learnthe decisiontreeandevaluateits accurag, whereasn the caseof kNN, the neighborhoodomputations
wereperformedon the projectedtiraining andtest. In our experimentswe useda value ofk = 10 for KNN, bothfor
theoriginal aswell asfor thereducedlimensionakpace.

The classfication accurag of the variousexperimentsare shawvn in Table 7. Theseresultscorrespondo the
averageclassficationaccuracie®f 10 experimentswherein eachexperimenta randomlyselected80% fraction of
thedocumentsvas usedfor trainingandthe remaining20% was usedfor testing. Thefirsttwo columnsof thistable,
shaw theclassficationaccurag obtainedoy C4.5andkNN whenusedontheoriginaldatasets. Thenext two columns
shaw theclassficationaccurag resultsobtainedby the samealgorithmswhenusedonthereducedlimensionakpace
computedby Cl. The next four columnsshaw the classfication accurag obtainedby thesealgorithmswhen used
on the reducedimensionakpacecomputedby LSI. For eachalgorithm,we presentwo setsof results,obtainedon
a 25- andon a 50-dimensionaspace.Note that theselower dimensionakpacesvere computedwithout taking into
accountary classinformation,asLSI cannotperformdimensionalityreductionin a supervisedsetting. Finally, the
last columnshaws the resultsobtainedby the nave Bayesian(NB) classficationalgorithmin the original space.In
our experimentswe usedthe NB implementatiorprovidedby the Rainbav [55] softwarelibrary. The NB resultsare
presentedhereto provide areferencepointfor theclassficationaccuraciesNotethatwe did notusethe NB algorithm
in thereduceddimensionabpaceasNB cannoteffectively handlecontinuousattributes[34]. Also, for eachof these
datasets,we highlightedthe schemehatachiesed the highestclassficationaccurag, by usinga boldfacefont.

Looking at the results,we canseethat both C4.5andkNN, bendit greatly by the supervisedlimensionalityre-
ductioncomputedby Cl. For bothschemesthe classficationaccurag achieved in the reduceddimensionakpacds
greatetthanthe correspondingccuray in the original spacefor all 21 datasets.In particular over the entire21 data
setsCl improvestheaverageaccurag of C4.5andkNN by 7%, and6%, respectrely. Comparingheseresultsagainst
thoseobtainedby naive Bayesianywe canseethatkNN, whenappliedonthereducedlimensionakpacesubstantially
outperformaaive Bayesianwhich was notthe casewhencomparingthe performancef kNN in the original space.
In particular over the entire21 datasets,the accurag of kNN in thereducedspaces 5% greaterthanthat of naive
Bayesian.Looking at the variousclassficationresultsobtainedby C4.5andkNN on the lower dimensionakpaces
computeddy LSI, we canseethatthe performancés mixed. In particular comparingthe bestperformancechieved
in eitheroneof thelower dimensionakpacespver thatachieved in the original spacewe canseethat LS| improves
theresultsobtainedby C4.5in only four datasets,andby kNN in tendatasets.However, Cl, by computinga lower

SWe also performedexperimentsin which the numberof dimensionsn the reducedspacewas two andthreetimesgreaterthanthe numberof
classesTheoverall performanceof the algorithmsdid notchangeand dueto spacdimitations we did notincludetheseresults.
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re0 rel wap fbis new3
Size | CI-S Size | CI-S Size | CI-S Size | CI-S Size | CI-S
608 | 1.12 371 | 1.25 341 | 1.05 506 | 1.07 696 | 1.13
319 | 1.31 330 | 1.18 196 | 1.72 387 | 1.02 568 | 1.03
219 | 1.28 137 | 1.51 168 | 1.31 358 | 1.31 493 | 1.87
80 | 1.89 106 | 1.23 130 | 1.42 190 | 1.07 369 | 1.31
60 | 1.26 99 | 1.11 97 | 1.17 139 | 1.17 330 | 1.09
42 2.17 87 1.11 91 1.75 125 | 1.32 328 | 1.49
39 1.30 60 1.44 91 1.94 121 | 117 326 | 1.24
38 | 1.38 50 | 1.94 76 | 1.37 119 | 1.03 306 | 1.08
37 | 1.66 48 | 1.05 65 | 1.22 94 | 1.33 281 | 1.18
20 1.54 42 2.13 54 1.71 92 1.44 278 | 1.16
16 1.60 37 1.59 44 | 3.81 65 1.40 276 | 1.07
15 | 1.32 32 | 1.33 40 | 1.14 48 | 1.80 270 | 1.23
11 1.64 31 1.67 37 2.36 46 1.80 253 | 1.63
31 1.72 35 2.98 46 1.09 243 | 1.07

27 | 1.84 33 | 2.83 46 | 1.73 238 | 1.35

20 2.01 18 3.63 43 2.26 218 | 1.24

20 1.41 15 3.49 38 2.68 211 | 1.17

19 | 181 13 | 2.57 198 | 1.85

19 2.18 11 2.66 196 | 1.20

18 1.69 S 2.78 187 | 1.34

18 | 3.67 181 | 1.39

17 | 1.49 179 | 1.14

15 | 3.75 174 | 1.84

13 | 1.40 171 | 1.92

10 | 2.27 171 | 1.09

161 | 1.19

159 | 1.41

153 | 1.25

141 | 1.69

139 | 1.25

139 | 1.27

lal la2 ohscal 136 | 1.19

Size | CI-S Size | CI-S Size | CI-S 130 | 1.29

943 | 1.33 905 | 1.31 1621 1.38 126 | 1.66

738 | 1.11 759 | 1.10 1450 | 1.56 124 | 1.06

555 | 1.21 487 | 1.25 1297 | 1.37 123 | 1.23

354 | 1.34 375 | 1.20 1260 | 1.46 120 | 1.03

341 | 1.41 301 | 1.48 1159 | 1.63 116 | 1.53

273 | 2.22 248 | 1.75 1037 | 1.81 115 | 1.18

1001 | 1.85 110 | 1.18

864 | 1.47 110 | 1.11

764 | 1.78 106 | 1.04

709 | 1.51 105 | 1.28

104 | 2.54

Table 6: The per-class RI measures for various data sets for supervised dimensionality reduction.

dimensionakpacen a supervisedetting,significantlyandconsistentlyoutperformghe classficationresultsobtained
onthelowerdimensionabpace®btainedoy LSI.

We have notincludedtheresultsof C4.5andkNN usingfeatureselectiortechniquesiueto theinconsistenperfor
manceof suchschemesn thesedatasets.In particular the right numberof dimensiondor differentdatasetsvaries
considerablyFor detailedexperimentshaving the characteristicef featureselectiorschemedn text categorization,
readerareadvisedo se€[70, 25).

7 Conclusion and Directions of Future Work

In this paperwe presentedh new fastdimensionalityreductiontechniquecalled conceptindexing that canbe used
equallywell for reducinghedimensionsn asuperviseéndin anunsupervisedetting.Cl reduceshedimensionality
of adocumentollectionaccordingo theconceptpresentn thecollectionandexpressegachdocumentsafunction
of thevariousconceptsOur analysishasshavn thatthe lower-dimensionatepresentationomputedy Cl is capable
of capturingboth the actualaswell asthe latentinformationavailablein the documentcollections. In particular

16



LS| Reduced Space
Original Space Cl Reduced Space C4.5 k NN
C4.5 kNN C4.5 k NN 25 Dims | 50 Dims | 25 Dims_ |50 Dims NB
westl 85.5% 82.9% 86.2% 86.7% 73.7% 74.5% 83.0% 81.4% 86.7%
west2 75.3% 77.2% 75.3% 78.7% 63.8% 59.2% 75.5% 73.8% 76.5%
west3 73.5% 76.1% 74.5% 80.6% 57.8% 55.3% 75.5% 77.3% 75.1%
ohO0 82.8% 84.4% 87.3% 89.8% 74.5% 72.8% 83.9% 81.9% 89.1%
oh5 79.6% 85.6% 88.4% 92.0% 76.5% 76.7% 87.0% 86.8% 87.1%
oh10 73.1% 77.5% 79.6% 82.6% 70.9% 65.5% 79.4% 77.7% 81.2%
oh15 75.2% 81.7% 84.6% 86.4% 67.5% 64.9% 81.3% 80.7% 84.0%
re0 75.8% 77.9% 82.3% 85.0% 69.1% 64.4% 79.5% 76.3% 81.1%
rel 77.9% 78.9% 80.0% 81.6% 59.8% 60.6% 71.2% 75.4% 80.5%
tril 78.2% 85.3% 87.0% 88.9% 79.3% 80.5% 81.3% 83.0% 85.3%
trl2 79.2% 85.7% 88.4% 89.0% 76.2% 72.5% 80.8% 82.7% 79.8%
tr21 81.3% 89.1% 90.3% 90.0% 74.6% 73.1% 87.6% 88.5% 59.6%
tr31 93.3% 93.9% 94.7% 96.9% 90.2% 87.5% 93.0% 92.3% 94.1%
tr41 89.6% 93.5% 95.3% 95.9% 89.9% 87.3% 93.4% 92.4% 94.5%
tr45 91.3% 91.1% 92.9% 93.6% 80.3% 80.9% 91.1% 92.1% 84.7%
lal 75.2% 82.7% 85.7% 87.6% 76.1% 74.2% 83.4% 82.1% 87.6%
la2 77.3% 84.1% 87.2% 88.6% 78.2% 76.1% 85.9% 84.7% 89.9%
fbis 73.6% 78.0% 81.3% 84.1% 59.7% 56.0% 76.4% 76.3% 77.9%
wap 68.1% 75.1% 77.5% 82.9% 62.3% 60.2% 74.3% 76.1% 80.6%
ohscal 71.5% 62.5% 73.5% 77.8% 59.4% 57.5% 70.9% 69.6% 74.6%
new3 72.7% 67.9% 73.1% 77.2% 41.1% 43.5% 53.9% 63.1% 74.4%

Table 7: The classification accuracy of the original and reduced dimensional data sets.

Cl capturesconceptswith respecto word synorymy andpolysemy Our experimentalkvaluationhasshowvn thatin
anunsuperviseaetting,Cl performsequallywell to LSI while requiringan orderof magnituddesstime, andin a
supervisedettingit dramaticallyimprovesthe performancef variousclassficationalgorithms.

The performancef Cl canbeimproved in a variety of ways. First, Cl whenusedin anunsupervisedetting,can
take advantageof betterdocumentlusteringalgorithms leadingto betterlower dimensionakpacesaswell asfaster
performance.One areathat we are currentlyinvestigatingis to develop robust clusteringalgorithmsthat compute
a k-way clusteringdirectly andnot via recursve bisection. Suchtechniquesold the promiseof improving boththe
quality of thelower dimensionatepresentatiorespeciallyfor smallclassesaswell asfurtherreducinghealreadylow
computationatequirement®f Cl. Secondthe supervisedlimensionalityreductionscomputedby Cl canbe further
improved by usingtechniqueshatadjusttheimportanceof the differentfeaturesn a supervisedetting.A variety of
suchtechniguedave been deelopedin the context of k-nearest-neighbarassfication[13, 65, 64, 37, 40, 52, 25,
all of which canbeusedto scalethe variousdimensiongrior to thedimensionalityreductionfor computingcentroid
vectorsandto scalethereduceddimensiondor thefinal classfication.

References

[1] CharuC. Aggarwal, StephenC. Gates,and Philip S. Yu. On the merits of building cateyorizationsystemsby supervised
clustering.In Proc. of the Fifth ACM SIGKDD Int’'| Confeenceon Knowledg Discovery and Data Mining, pages352-356,
1999.

[2] H.Almuallim andT.G. Dietterich. Learningwith mary irrelevantfeatures.In Proc. of the Ninth InternationalConfeenceon
Machine Learning pagess47-552,1991.

[3] L. BakerandA. McCallum. Distributional clusteringof wordsfor text classfication. In SIGIR-98 1998.

[4] M. Berry, T. Do, G OBrien, V. Krishna, and S. Varadhan. = SVDPACKC (version 1.0) usets guide.
http://wwwnetliborg/svdpa&/indec.html

[5] M.W.Berry, S.T. Dumais,andG.W. O’ Brien. Usinglinearalgebrafor intelligentinformationretrieval. SIAMReview, 37:573-
595,1995.

[6] D. Boley, M. Gini, R. Gross,E.H. Han, K. Hastings,G. Karypis, V. Kumar B. MobasherandJ. Moore. Documentcateyo-
rizationandquerygeneratioron theworld wide web usingWebACE. Al Review (acceptedor publication) 1999.

17



(7]

(8]

9]
[10]

[11]

[12]
[13]

[14]
[15]

[16]
[17]

(18]
[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]
(28]

[29]
[30]

[31]
[32]

D. Boley, M. Gini, R. Gross,E.H. Han, K. Hastings,G. Karypis, V. Kumar B. MobasherandJ. Moore. Partitioning-based
clusteringfor webdocumentategorization. DecisionSupportSystems27(3):329-341,1999.

P.S.Bradley, U. Fayyad,andC. Reina.Scalingclusteringalgorithmsto largedatabasedn Proc. of theFourth Int'| Confeence
on Knowledg Discoveryand Data Mining, 1998.

T.M. Cover andJ.A. Thomas.Elementf InformationTheory JohnWiley & Sons,1991.

T. CurranandP. Thompson.Automaticcategorizationof statutedocuments.In Proc. of the 8th ASISSIG/CRClassfication
Reseath Workshop Tucson Arizona,1997.

D.R. Cutting, J.0. PedersenD.R. Karger, and J.W. Tukey. Scatter/gatherA clusterbasedapproachto browsing large
documentollections.In Proceeding®f the ACM SIGIR pages318-329, Copenhagenl992.

D.J.SpigyelhalterD. Michie andC.C.Taylor. Machine Learning Neural and StatisticalClassfication Ellis Horwood,1994.

W. DaelemanssS. Gills, andG. Durieux. Learnabilityandmarkednessn data-drven acquisitionof stress.TechnicalReport
TR 43, Institutefor LanguageTechnologyandAtrtificial Intelligence,Tilburg University, Netherlands1993.

B.V. DasarathyNeaestneighbor(NN) norms: NN patternclassficationtedniques IEEE ComputerSocietyPress,1991.

S.DeerwesterS.T. Dumais,G.W. Furnas,T.K. LandauerandR. Hashmanlndexing by latentsemantiandexing. Journal of
the AmericanSocietyfor InformationScience41(6),1990.

C.H.Q.Ding. A similarity-basedrobability modelfor latentsemantidndexing. In SIGIR-99 1999.

P. Domingosand M. Pazzani. On the optimality of the simple bayesiarclassfier underzero-oneloss. Machine Learning
29:103-130,1997.

R.O.DudaandPE. Hart. Pattern Classficationand ScenéAnalysis JohnWiley & Sons,1973.

S.T. Dumais. Using LSI for informationfiltering: TREC-3experiments. In Proc. of the Third Tex REtrieval Confeence
(TREC-3) NationalInstituteof Standads and Technolagy, 1995.

U. Fayyad,C. Reina,andP.S.Bradlgy. Initialization of iterative refinementclusteringalgorithms.In Proc. of the Fourth Int’|
Confeenceon Knowled@ Discovery and Data Mining, 1998.

V. Ganti,R. Ramakrishnan]. Gehrle, A. Pavell, andJ. French.Clusteringlarge datasetén arbitrarymetricspacesin Proc.
ofthe15thInt’l Conf on Data Eng, 1999.

D. E. Goldbep. GeneticAlgorithmsin Seach, Optimizationsand Machine Learning Morgan-Kaufman;1989.

E.H.Han,D. Boley, M. Gini, R. Gross,K. Hastings,G. Karypis, V. Kumar B. MobasherandJ. Moore. WebACE: A web
agentfor documentateyorizationandexploartion. In Proc. of the 2ndInternationalConfeenceon Autonomou#gents May
1998.

E.H. HanandG. Karypis. Centroid-basediocumentclassficationalgorithms: Analysis& experimentalresults. Technical
Report TR-00-XXX, Departmentof ComputerScience,University of Minnesota,Minneapolis,2000. Also available on
WWW at URL http://www.cs.umn.eddkarypis.

Eui-Hong Han. Text Categorization Using Weight Adjustedk-Nearest NeighborClassfication PhD thesis,University of
Minnesota,October1999.

W. Hersh, C. Buckley, T.J. Leone,and D. Hickam. OHSUMED: An interactve retrieval evaluationand new large test
collectionfor researchin SIGIR-94 pagesl92-201,1994.

T. Hofmann.Probabilisticlatentsemantidndexing. In SIGIR-99 1999.

S.J.Hong. Useof contetual informationfor featurerankinganddiscretization.|EEE Transactionson Knowledg and Data
Eng, 9(5):718-730, September/Octobedr997.

Makatolwayamaand Takenolu Tokunaga.Clusterbasedext cateyorization:a comparisorof catgyory searctstrat@ies. In
SIGIR-95 pages273-281,1995.

J.E. Jackson A User's GuideTo Principal ComponentsJohnWiley & Sons,1991.
A.K. JainandR. C.Dubes.Algorithmsfor ClusteringData. PrenticeHall, 1988.

T. Joachims A probabilisticanalysisof the rocchioalgorithmwith TFIDF for text cateyorization. In Proc. of the Fourteenth
International Confeenceon Machine Learning 1997.

18



[33]

[34]

[35]

[36]
[37]

(38]

[39]

[40]

[41]

[42]
[43]

[44]

[45]

[46]

[47]
[48]

[49]

[50]

[51]
[52]
[53]
[54]

[55]

[56]

[57]

T. Joachims. Text cateyorizationwith supportvector machines: Learningwith mary relevant features. In Proc. of the
EuropeanConfeenceon Machine Learning 1998.

G.H. Johnand P. Langley. Estimatingcontinuousdistributionsin bayesianclassfiers. In Proc. of the Eleventh Annual
Confeenceon Uncertaintyin Artificial Intelligence pages338-345,1995.

K.S.JonesA statisticainterpretatiorof termspeciicity andits applicationin retrieval. Journal of Documentation29(4):1%+
21,1973.

L. N. KanalandVipin Kumar editors.Seach in Atrtificial Intelligence SpringerVerlag,New York, NY, 1988.

K. Kira andL.A. Rendell.A practicalapproactto featureselection.In Proc. of the 10thInternationalConfeenceon Machine
Learning 1992.

R. Kohavi andD. Sommefield. Featuresubsetselectionusingthe wrappermethod: Overfitting and dynamicsearchspace
topology In Proc.of theFirst Int'| Confeenceon Knowledg Discoveryand Data Mining, pagesl92-197,Montreal,Quebec,
1995.

T. Kohonen.Self-Oganizationand AssociatedMemory SpringerVerlag,1988.

I. Kononenlk. Estimatingattributes:Analysisandextensionf relief. In Proc. of the 1994 EuropeanConfeenceon Machine
Learning 1994.

R. E.Korf. SearchIn S.C. Shapiroeditor, Encyclopediaof Artificial Intelligence pages994-998.JohnWiley & Sons,nc.,
1990.

Wai Lam andChaoYangHo. Usingageneralizednstancesetfor automatictext categorization.In SIGIR-98 1998.

T. K. LandauerandS.T. Dumais. A solutionto platds problem:the latentsemanticanalysistheoryof acquisition,induction
andrepresentatioof knowvledge. Psydological Review, 104(2):213240,1997.

P. Langley and S. Sage. Induction of selectve bayesianclassfiers. In Proc. of the Tenth Confeenceon Uncertaintyin
Artificial Intelligence pages399-406, Seattle WA, 1994,

BjornarLarsenandChinatsuAone. Fastandeffective text mining usinglineartime documentlustering.ln Proc. of the Fifth
ACM SIGKDD Int'| Confeenceon Knowledg Discovery and Data Mining, pagesl6-22,1999.

D. Lewis. Naive (bayes)atforty: Theindependencassumptiorin informationretrieval. In TenthEuropeanConfeenceon
Machine Learning 1998.
D. Lewis andW. Gale. A sequentiablgorithmfor trainingtext classfiers.In SIGIR-94 1994.

D. Lewis and M. Ringuette. Comparisonof two learningalgorithmsfor text categorization. In Proc. of the Third Annual
Symposiunon DocumentAnalysisand InformationRetrieval, 1994.

D. D. Lewis. Reuters-21578xt catagorizationtestcollectiondistribution 1.0. http://wwwreseach.att.com#lewis, 1999.
David D. Lewis, RobertE. Shapire JamesP. Callan,andRon Papka. Training algorithmsfor lineartext classfiers. In Pro-
ceedingof the 19 th Annualinternational ACM SIGIR Confeenceon Reseath and Developmenin InformationRetrieval,
pages298-306,1996.

H. Liu andH. Motoda. Featuie Selectiorfor Knowledg Discovery and Data Mining. Kluwer AcademicPublishers1998.
D.G. Lowe. Similarity metriclearningfor avariable-lernelclassfier. Neural Computationpages’2-85, Januaryl995.

B. Masand,G. Linoff, andD. Waltz. Classifyingnews storiesusingmemorybasedreasoning.In SIGIR-92 pages59-64,
1992.

A. McCallumandK. Nigam. A comparisonof event modelsfor naive bayestext classfication. In AAAI-98Workshopon
Learningfor Text Categorization 1998.

Andrew KachitesMcCallum. Bow: A toolkit for statisticallanguagemodeling,text retrieval, classficationand clustering.
http://www.cs.cmu.edumccallum/bav, 1996.

J.Moore,E.Han,D. Boley, M. Gini, R. Gross K. HastingsG. Karypis,V. Kumar andB. MobasherWeb pagecateyorization
andfeatureselectionusingassociatiomule andprincipalcomponentlustering.In 7th Workshopon InformationTechnolagies
and Systemdec.1997.

C. Papadimitriou,P. Ragh&an, H. Tamaki,and S. Vempala. Latentsematicindexing: A probabilisticanalysis. In Proc. of
Symposiunon Principlesof DatabaseSystemsl1998.

19



[58] FernanddPereiraNaftali Tishby andLillian Lee. Distributional clusteringof Englishwords. In Proc. of the 31stAnnual
Meetingof the Associatiorfor ComputationaLinguistics pagesl83-190,1993.

[59] M. F. Porter An algorithmfor suffix stripping. Program, 14(3):136-137,1980.
[60] J.RossQuinlan.C4.5: Programsfor Machine Learning MorganKaufmann,SanMateo,CA, 1993.
[61] ForresteiResearchCopingwith complex data. The ForresteReport, April 1995.

[62] G. Salton. AutomaticText Processing:The Transformation Analysis,and Retrieval of Informationby Computer Addison-
Wesley, 1989.

[63] TREC. Text REtrieva conferencehttp://trec.nist.ge.

[64] D. WettschereckD.W. Aha, andT. Mohri. A review andempirical evaluationof feature-weightingnethodsfor a classof
lazy learningalgorithms.Al Review, 11,1997.

[65] D. WettschereclandT.G. Dietterich. An experimentalcomparisorof the nearesneighborandneareshyperrectanglalgo-
rithms. MachineLearning 19:5-28,1995.

[66] Marilyn WulfekuhlerandBill Punch. Finding salientfeaturesfor personalweb pagecatagories. In 6th WWWConfeence
SantaClara,CA, 1997.

[67] Yahoo! Yahoo! http://www.yahoo.com.

[68] Y. Yang. Expertnetwork: Effective and efficientlearningfrom humandecisionsin text categorizationandretrieval. In
SIGIR-941994.

[69] Y. Yang andX. Liu. A re-examinationof text catgyorizationmethods.In SIGIR-99 1999.

[70] Y. Yang and). PedersonA comparatre studyon featureselectionin text categorization. In Proc. of the Fourteenthinterna-
tional Confeenceon Machine Learning 1997.

[71] T. Zhang,R. RamakrishnanandM. Linvy. Birch: an efficientdataclusteringmethodfor large databasesln Proc. of 1996
ACM-SIGMODInt. Conf on Managementof Data, Montreal,Quebec1996.

20



