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Abstract

In the text documentvisualizationcommunity, statisticalanaly-
sistools(e.g.,principalcomponentanalysisandmultidimensional
scaling)andneurocomputationmodels(e.g.,self-organizingfea-
ture maps)have beenwidely usedfor dimensionalityreduction.
often the resultingdimensionalityis setto two, asthis facilitates
plotting the results. The validity and effectivenessof theseap-
proacheslargely dependon the speci�c data setsusedand se-
manticsof thetargetedapplications.To date,therehasbeenlittle
evaluationto assessandcomparedimensionalityreductionmeth-
odsanddimensionalityreductionprocesses,eithernumericallyor
empirically. The focusof this paperis to proposea mechanism
for comparingandevaluatingtheeffectivenessof dimensionality
reductiontechniquesin the visual exploration of text document
archives. We usemultivariatevisualizationtechniquesandinter-
active visual explorationto studythreeproblems:(a) Which di-
mensionalityreductiontechniquebestpreservestheinterrelation-
shipswithin a setof text documents;(b) Whatis thesensitivity of
theresultsto thenumberof outputdimensions;(c) Canwe auto-
maticallyremoveredundantor unimportantwordsfrom thevector
extractedfrom the documentswhile still preservingthe majority
of information,andthusmake dimensionalityreductionmoreef-
�cient. To studyeachproblem,we generatesupplementaldimen-
sionsbasedon several dimensionalityreductionalgorithmsand
parameterscontrolling thesealgorithms. We then visually ana-
lyze and explore the characteristicsof the reduceddimensional
spacesasimplementedwithin a multi-dimensionalvisual explo-
ration tool, XmdvTool. We comparethe derived dimensionsto
featuresknown to be presentin the original data. Quantitative
measuresarealsousedin identifying thequality of resultsusing
differentnumbersof outputdimensions.

Keywords: Dimension reduction, multidimensionalscaling
(MDS), self-organizingmaps(SOM), text visualization.

1 Intr oduction

With the rapid growth of the Internet,wirelesscommunication,
multimediahomeandof�ce servers, virtually everyoneis faced
with hugeamountof information coming from digital libraries,
websitesand other sources[14, 27]. Much of this information
comesin theform of unstructuredtext. We simply cannotreador
skim this informationin a traditionalway. To anever increasing
extentwedependonanalysisandvisualizationtoolsto getinsight
into thosedocuments.

Thecurseof dimensionalityandtheemptyspacephenomenon
areunavoidablechallengesin the text visualizationandinforma-
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tion retrieval communities.Text documentsareoftenrepresented
by a vector of word counts in a vector-spacemodel of docu-
ments,wherethe dimensionalitycould be over 10,000. On the
onehand,thesamplesizeneededto estimatea functionof several
variablesto a given degreeof accuracy (i.e., to get a reasonably
low-varianceestimate)grows exponentiallywith the numberof
variables.On theotherhand,thehigh-dimensionalspacesarein-
herentlysparse.Forexample,awordthatappearsin onedocument
over 100timesmaynotappearin any of theotherdocuments.An
exampleis Figure1. Hereonly thetop228wordsareusedto visu-
alizeadocumentcollectionwith 98records,althoughover10,000
uniquewordsarevery commonfor even small documentcollec-
tions.

Figure1: Parallelcoordinatesdisplayshowing countsfor the top
228 words in a collectionof documents.Clearly little structure
canbeseen.

To overcometheseproblemsintrinsic in text visualizationand
classi�cation,a widely usedmethodis dimensionreduction.The
main ideabehindthesetechniquesis to mapeachtext document
into a lower dimensionalspacethatexplicitly takesthedependen-
ciesbetweenthe termsinto account.The associationspresentin
thelower dimensionalrepresentationcanthenbeusedto perform
visualization,classi�cationandcategorizationmoreef�ciently .

While the reasonsfor performing dimensionreduction are
clear, it is not withoutproblems.Openissuesinclude[5, 6]:

� Unknown intrinsic dimension.We have no effective way to
�nd theminimumnumberof dimensionssuf�cient to repre-
sentthedata.

� Non-linearrelationshipsamongdata. Underlying relation-
shipsamongthevariablesmaybeverycomplicated.

� Unknown relevanceof information.Thecasewheredimen-
sion reductionis performedwithout loosing information is
ideal. Very often however dimensionreductionwill not be
possiblewithouta certainamountof loss.

Dueto thecomplex natureof thedimensionreductionprocess,
thereis no singlemethodto dealwith all situations.Thus,a large



numberof dimensionreductionapproacheshave beendeveloped
andtestedin differentapplicationdomainsandresearchcommu-
nities. Thesedimensionreductiontechniquescan be classi�ed
into threecategories.Onerefersto thesetof techniquesthattake
advantageof class-membershipinformationwhile computingthe
lower dimensionalspace.Examplesof suchtechniquesincludea
varietyof featureselectionschemesthat reducethedimensional-
ity by selectingasubsetof theoriginalfeatures[3], andtechniques
thatderive new featuresby clusteringtheterms[1, 34, 33]. These
dimensionreductiontechniquesaim to minimize the information
loss comparedto the original dataor to maintain the similarity
distancefound in thedataset. Thesecondclassof dimensionre-
ductiontechniquesarecomputationalalgorithmsbasedon statis-
tical analysis.principalcomponentanalysis(PCA), MDS andla-
tentsemanticindexing (LSI) belongto thiscategoryof dimension
reductiontechniques.They are appropriateto usein situations
whentherelationshipsamongthedimensionsarelinear[9, 7, 19].
Thethird typeof dimensionreductiontechniqueis self-organizing
maps(SOMs)thatusea neurocomputationalapproach.

It is widely acceptedthatthereis no preciseevaluationmethod
for a certaindimensionreductiontechniqueeven thougha large
numberof algorithmshave beendeveloped. This paperattempts
to addressthis problem.We try to evaluateseveraldimensionre-
ductiontechniquesbothvisually andstatisticallywhenappliedto
unstructuredtext documents.In addition,weexploretheeffective-
nessandcomputationalload of thesedimensionreductiontech-
niquesin termsof the numberof distinct input dimensionsused
for thedimensionalityreduction.

The remainderof this paperis organizedas follows: Section
2 presentsdimensionreductiontechniquesfor text visualization
andinformationretrieval. Section3 describeshow we useXmd-
vTool [28, 29] to visually explore the effectivenessof someof
thesedimensionreductionmethodswhenappliedto unstructured
text documents.Thesedimensionreductiontechniquesarealso
evaluatedin termsof classclusteringandstatisticalanalysis.Sec-
tion 4 describesrelatedwork on dimensionreductionin different
areas.Section5 summarizesourwork andpresentspossiblefuture
research.

2 Description of existing dimension re-
duction methods

We de�ne dimensionreductionasany operationthat mapshigh
dimensionaldatainto alowerdimensionalspace,while attempting
to preserve characteristicsandrelationshipsin the raw data. We
now review thedimensionreductiontechniquesusedin thispaper.

2.1 Principal component analysis

Principalcomponentanalysisis a widely usedtechniquefor di-
mensionreduction[9, 19, 7, 18]. Given an � x � document-
term matrix (the numberof documentsand termsare � and �

respectively), PCA usesthe
�

-leadingeigenvectorsof the � x �

covariancematrix asthe axesof the lower
�

-dimensionalspace.
Theseleadingeigenvectorscorrespondto linear combinationsof
theoriginal variablesthataccountfor the largestamountof term
variability. Onedisadvantageof PCA is that it hashigh memory
andcomputationalrequirements.It requires�������
	 memoryfor
the densecovariancematrix, and ���

�

����	 for �nding the
�

lead-
ing eigenvectors.Theserequirementscouldbeunacceptablyhigh
when the numberof documents����	 is very large, for example,
tensof thousands.

Theeffectivenessof PCAin empiricalstudiesis oftenattributed
to reductionof noise,redundancy, andambiguity[10]. Theterms
of a text documentaretypically not independent.The noiseand
redundancy could show in the term-matrixtext data. This could
leadto theconclusionthatPCAis suitablefor text documentdata,
but theresultingdimensionslacksemanticmeaning.

2.2 Multidimensional scaling

MultidimensionalScaling(MDS) is a setof mathematicaltech-
niquesthatenablearesearcherto uncoverhiddenstructurein data.
Possibleapplicationsinclude psychology, sociology, economy,
educationalresearchandtext documentsvisualization[7, 5, 2].

Supposewe have a setof objects(e.g.,a numberof text doc-
uments)and that a measureof the similarity betweenobjectsis
known. This measure,calledproximity, indicateshow similar or
how dissimilar two objectsareor areperceived to be. It canbe
obtainedin differentways,e.g.,by computingthecorrelationco-
ef�cient or Euclideandistancefrom the vector representationof
thetext documents.WhatMDS doesis to mapto a lower dimen-
sionalspacein whicheachobjectis representedby apointandthe
distancesbetweenpoints resemblethe original similarity infor-
mation; i.e., the larger thedissimilarity betweentwo objects,the
fartherapartthey shouldbein the lower dimensionalspace.This
geometricalcon�gurationof pointsre�ects thehiddenstructureof
thedataandmayhelpto make it easierto understand.

2.3 Self-or ganizing maps

Self-organizingmaps(SOM)isaneurocomputationalalgorithmto
maphigh-dimensionaldatato a lower (typical two) dimensional
spacethrougha competitive and unsupervisedlearningprocess
[21, 22]. This algorithmis frequentlyusedto visualizeandinter-
pretlargehigh-dimensionaldatasets.It hasalsobeenemployedto
visualizevery largeunstructuredtext documentarchives[24, 16].

Self-organizing maps take a set of objects (e.g., text docu-
ments),eachobject representedby a vector of terms(keywords
from the original text), and then mapsthem onto the nodesof
a two-dimensionalgrid. The map is representedinitially by a
matrix of nodes,whereeachnodeis representedby a codebook
vector with the samelengthas the input vectors. Fitting of the
modelvectorsis usuallycarriedout by a sequenceof ”bestmatch
andneighborhoodmodi�cation” processes.For a speci�c input
vector, a distancemeasureis usedto �nd the bestmatchcode-
book that hasthe closestdistanceto the input vector. Then the
neighborhoodcodebooksaremodi�ed basedon the input vector
andneighborhoodfunction. Theseprocessesareiteratedover the
availableinputvectors.

2.4 Similarity-based dimension clustering

In XmdvTool [34, 33] we usean agglomerative clusteringalgo-
rithm to createadimensionhierarchy. Giventhehierarchyweuse
a radialspace-�lling (RSF)techniquecalledInterRing[34, 33] to
provide interactive operationssuchasdimensionhierarchynavi-
gationandmodi�cation.

Figure2 shows theclusteringactivities of the top seventy one
words extractedfrom a documentcollection. After calculating
the correlationcoef�cients amongthe word vectors(in a term-
documentmatrix,eachword wasrepresentedby a vectorof word
countsthat indicatethe numberof occurrencesin corresponding
documents),we �nd that theclusteringalgorithmgroups”study”



and ”problems”, ”discussed”and ”methods”, ”paper” and ”pre-
sented”,andso on together. InterRingprovides �e xibility anda
rich assortmentof userinteractionssothattheusercangainmore
understandingaboutthedimensionreductionprocessanduseher
domainknowledgeto reorganizetheclustersif desired.

Figure2: An agglomerative clusteringof the top 71 words,dis-
playedwith InterRing

3 Visual exploration

In this section,theeffectivenessof thedimensionreductiontech-
niquesincludingMDS, SOMandagglomerative clusteringarevi-
sually evaluated. Then the computationcomplexity of thesedi-
mensionreductiontechniquesareassessedfor differentnumbers
of inputdimensions.

First, the goal wasto visually assessthe viability of proposed
categoriesby exploring their multi-dimensionalnatureandexam-
ining thecapabilitiesof a dimensionreductiontechniqueto con-
struct the necessarydecisionboundariesthat separatethe cate-
goriesin thetext data.Direct interactionsamongMDS, SOMand
agglomerative clusteringhelp to enablethis task. Theinteresting
regionsin onedisplay, canbehighlightedandthecorresponding
dataitemsin the derived dimensionspacecanbe examined.Al-
ternatively, samplesor regionsin thederiveddimensionspacethat
aresuspectedof beingproblematicor exhibit clusteringcanbese-
lectedandthe datasamplesgiving rise to themcanbe explored
via theotherdimensionspaces.This is anexampleof theuseof
anestablishedexploratorytechniquecalledlinkedbrushing;what
is new hereis thatvisualizationof raw datapointsis coordinated
with thedimensionreductiontechniques.

The secondgoal of this paper was to test how signi�cant
changescanhappenwhenusingdifferentnumbersof input terms
for thesedimensionreductiontechniques. All thesedimension
reductiontechniquesarecomputationallyintensive;andaresensi-
tive to thenumberof original dimensions.

The testdataon which we ran experimentsarefrom standard
testdocumentcollectionsin the informationretrieval community
[30]: CRAN (1398documentabstractsonAeronauticsfrom Cran-
�eld Instituteof Technology),CACM (3204abstractsof articles
in Communicationsof ACM), MED (1033abstractsfrom theNa-
tionalLibrary of Medicine),TIME (546documents),LISA (6004

text collections),and CISI (1460 abstractsfrom the Institute of
Scienti�c Information). Eachof thesetext collectionsis broken
into a numberof separate�les with aboutonehundredabstracts
or text collectionsfor each�le.

An availablepublic domaintool, Rainbow [25], wasemployed
for text extraction. The text was tokenizedusingcommontok-
enizationoptions:thewordsfrom theSMART stop-list(524com-
monwords)[4], suchas”the” and”of”, areneglectedbeforetok-
enization;thePorterstemmingalgorithm[12] wasappliedfor all
wordsbeforethey arecounted. After tokenization,a document-
termmatrix wasacquiredandprocessedby thedimensionreduc-
tion algorithmsmentionedabove for analysis,visualization,and
comparative study.

3.1 Effectiveness stud y of MDS, SOM and Inter -
Ring

Thevariantof MDS we employedwastheShepard-Kruskalalgo-
rithm [7]. We usedtheprincipalcomponentsastheinitial con�g-
uration. An optimizationprocesswascarriedout until the stress
differencebetweentwo iterationswas lessthan 0.001. We also
computedSOMsconsistingof ��� x ��� (for adatasetconsistingof
6 clustersand98 dataitems)codebookvectors.Figure3 presents
theclusteringresultsbothin MDS andSOMspaces.

Figure3: Reduceddimensionswith MDS andSOM derived di-
mensions(top228words).Thelastfour dimensionsaretwo MDS
derived dimensionsand two SOM derived dimensions. From
MDS derived dimensionspace(mds0,mds1),roughly two sub-
clusterscan be discerned,while in SOM space(som0, som1),
threeclustersarediscerned.

To facilitate studying sub-clusteringactivities in documents
from differentclasses,we assigna numericallabelarbitrarily for
eachdocumentso that the differencesbetweenthe documents
from the sameclassare small while thosebetweendocuments
from differentclassesarelarge.This labelcorrespondsto the�rst
dimensionin our �gures. In thispaperwefocuson thedocuments
from theCACM collection,whichincludes32distinctdocuments.
FromFigure3 wecanconcludethatroughlytwo sub-clustersexist
for theCACM documents.

Uponfurtherinvestigationwecan�nd differencesin thecluster
resultsin MDS andSOM spaces.Figure4 shows mutualcluster-
ing activities amongword clusters(nodes),singlewordsandde-
rived dimensionsof MDS andSOM. The discretizationand the



rigidity of MDS'soutputspaceareclearlyvisible if onecompares
themwith outputmapsgivenby SOM'soutputspace.In addition,
the clusteringactivities are betterin word cluster(nodes)space
thansinglewordspace.

Most text documentvisualizationsystemsonly usethe�rst two
principal componentsasthe lower dimensionalspace.It is good
for visualizationimplementationbecauseaterrainsurfaceis acon-
venientmetaphorto convey informationhiddenin thetext collec-
tion. However, the lossof informationis oftensigni�cant in this
case.Figure5 plots the logarithmof the principal valuesfor the
datasetmentionedabove. All but oneprincipalvaluearepositive,
albeitthe�rst 5 principalvaluesaremuchbiggerthantheothers.

Figure5: Principalvalues. The �rst 98 eigenvaluesarepositive,
thoughonly the�rst 5 aremuchbiggerthantherest.

Ontheotherhand,SOMcanalsoleadto informationloss.Fig-
ure 6 shows the hierarchicaldocumentclusteringin the derived
dimensionspace,which includesword clusters(nodes),single
words,MDS andSOM derived dimensions.It is not dif�cult to
�nd that only two documentclustersexist in SOM spacebut six
distinctclustersappearin otherdimensionspaces.Thiscouldhap-
penwhenthereisonlyalimitednumberof nodesin theSOMalgo-
rithm. A highernumberof nodesshouldhelpagainstthenegative
effect of thediscretizationof SOM'soutputspace.

Figure6: Degenerateproblemsof SOM. Only two clustersexist
in SOM derived spacewhile roughly six clustersarediscernable
in theotherdimensionspaces.

This inspiredusto investigatethesedimensionreductionalgo-
rithmsin moredepth.For MDS, ratherthanreduceto two dimen-
sions,wereduceto 3,4, 5 andmoredimensions.Second,wecom-
bine theseMDS dimensionswith deriveddimensionsfrom SOM
and agglomerative clustering(word clustersand single words).
We expectto detectmoredetailsthatexist in thespacede�ned by
the original documentcollections. Figure7 is a view of parallel
coordinateswhenwe applytheMDS algorithmwith four derived
dimensionsto the samedatasetmentionedabove. We �nd that
� ve clustersexist in the derived dimensionspace(mds0through
mds3).

Figure7: Text documentswith four MDS deriveddimensionsand
two SOM derived dimensions.Five clusterscanbe found in the
MDS deriveddimensionspace.

3.2 Computation exploration for MDS and SOM

Text mining,visualizationandanalysisareprocessesthatoftenre-
quireashortresponsetime. Thatmeansthatwhenauserspeci�es
thedocumentcollectionneededfor analysis,thesystemshouldbe
ableto process,analyzeandpresenta visualinterpretationfor the
documentcollection in a short time span. The challengeis that
all thedimensionreductiontechniquesdiscussedin this paperare
time consuming.The computationalcomplexity dependson the
numberof datarecordsandthenumberof dimensionsthatareused
for dimensionreduction.Thereis generallyverylittle �e xibility in
termsof thenumberof datarecords(documentcollections)used
for computation. The alternative option is to explore the com-
putationalcomplexity andeffectivenessof thesealgorithmswhen
usingdifferentnumbersof inputdimensionsfor dimensionreduc-
tion.

We explored the computationalcomplexity and effectiveness
for MDS andSOMwith differentinputdimensions.For simplicity
only asubsetof thetopwords(terms)wasusedasinput in ourex-
perimentsin adocumentvectorspacemodel.Wegeneratedresults
using71/228/1634wordsfor thedimensionreductionalgorithms.
Theclusteringactivitiesareshown in Figure8. Theircomputation
timeandstressfrom MDS areshown in Table1. Wefoundthatthe
clusteringactivities of text documentswerenot signi�cantly im-
provedwith an increasednumberof input dimensions.However,
signi�cant differenceexists in termsof computationaltime when
computingwith differentnumbersof inputdimensions.



Figure4: Scatterplot matrix: reduceddimensionswith MDS andSOM derived dimensions.Documentsaresparselyscatteredin MDS
derivedspacewhile denselyclusteredin theotherspaces.

ExtracteddocumentData Time (sec) Stress(MDS)
Top71 keywords 300 0.281
Top228keywords 5000 0.247
Top1634keywords 60000 0.217

Table1: Computationtime,stressfrom MDS for documentdata.

4 Related work

Themajorapproachesfor dimensionalityreductionin thetext vi-
sualizationcommunitybelongto topologypreservingalgorithms,
which includePCA, MDS andSOM. Topologypreservingalgo-
rithmsaim to representhigh dimensionaldataspacesin a low di-
mensionalspacewhile preservingasmuchaspossiblethe struc-
ture of the data in the high dimensionaldata space. This is
achieved by mapping”points in one spaceto points in another

spacesuchthat nearbypoints map to nearbypoints (andsome-
timesin additionfar-awaypointsmapto far-awaypoints)” [11].

Galaxies[32, 31] visualizationdisplaysclustersanddocument
interrelatednessby reducinga high dimensionalrepresentationof
documentsto a two dimensionalscatterplot.The documentsare
clusteredin thehigh dimensionalspacethrougha metric of sim-
ilarity suchasEuclideandistanceor cosinemeasures.Thenthe
documentsare projectedto a 2D spacethat re�ects document
clusterswith clustercentroids. In ThemeScape[31] two differ-
entdimensionreductiontechniqueswereapplied.For smalldoc-
umentsets(up to 1.5k), theShepardmultidimensionalscalingal-
gorithm was used,while for large documentsets,an Anchored
LeastStressalgorithmwasdeveloped.Thegroundplanewasem-
ployed to project the documentsets,wherethe peaksrepresent
the large numberof documentclustersandthe valleys represent
thedistancesbetweenthesedocumentclustersasfoundin theraw
documentsets.

A numberof papershave beenpublishedon the utilization of



self-organizingmapsfor interactive explorationof documentcol-
lections[23, 24,26], i.e.,theWEBSOMproject[16, 15, 17]. Self-
organizingmapsareusedto representdocumentson a mapthat
providesaninsightfulview of thedocumentcollections.Thisview
visualizessimilarity relationsbetweenthe documents.Thecom-
plete WEBSOM methodinvolves a two-level SOM architecture
comprisedof a word category mapanda documentmap. SOMs
wereusedto constructa word category map.Usually interrelated
wordsthathave similar context appearcloseto eachotheron the
map.Thenthedocumentsareencodedby mappingtheir text onto
theword category map.Thedocumentmapis thenformedwith a
SOMalgorithmusingthedocumentvectorsin wordcategorymap
space.

In [11], the useof self-organizingmapsfor clusteringandvi-
sualizationwasdiscussedin depth. A comparative studyon the
quality andeffectivenessof SOMsandSammon's mappingwhen
applyingto classi�cationandvisualizationwasreported.

A numberof otherdimensionreductionalgorithmshave been
reportedin othercommunities. The computationof dimensions
usingprincipalcomponentanalysisthroughsingularvaluedecom-
position (SVD) is a popular approachfor numericalattributes.
In information retrieval, latent semanticindexing usesSVD to
projecttextual documentsrepresentedasdocumentvectors.SVD
is shown to be the optimal solutionfor a probabilisticmodelfor
document/word occurrence[10]. An adaptive dimensionreduc-
tion algorithmthat attemptsto avoid local minima wasusedfor
clusteringhigh dimensionaldatain [9]. They claimedthat if the
datadistribution is far from Gaussian,thedimensionsselectedus-
ing PCA will deviate substantiallyfrom the optimal. A nonlin-
ear dimensionreductionmethodwith minimal loss of (mutual)
informationcontainedin the original datawasproposedfor text
classi�cation [13]. In addition,dimensionreductionby random
mappingwasalsoreported[26, 20].

5 Conc lusion and future work

In this paper, several existing dimensionreduction techniques
wereexploredandevaluatedfor text documentvisualization.The
effectivenessand computationalcomplexity of thesetechniques
werealsocompared.We conclude:

� The�rst two principalcomponentsthatareusedfor text doc-
umentvisualizationin mostsystemsoftenleadto signi�cant
informationloss. The 3rd and4th andsometimeseven 5th
or morecomponentscouldcontributeto theaccurateclassi-
�cation andvisualizationof thetext documents.

� The discretizationproblemof SOM is not avoidable. In-
creasingthegrid numbermayimprove thisproblemto some
degree,howeverthecomputationloadcanbecomeunaccept-
able.

� In assessingthe tradeoff betweencomputationalload and
precisionfor MDS, we found that many input dimensions
couldbeeliminatedandstill gooddimensionalityreduction
would begenerated.

Futureresearchwork couldinclude:
� In additionto deriveddimensionsfrom dimensionreduction

techniquessuchasMDS andSOMs,the metricsthat were
usedto evaluatethe quality of dimensionreductionalgo-
rithms, suchasstressfrom MDS, could be usedasderived
dimensions.This makes it possibleto evaluatehow much
individual documentscontributein termsof thetotal stress.

� To overcome the discretization of SOMs, a relatively
new algorithm for performing topology preservingnon-
lineardimensionreduction,CurvilinearComponentsAnaly-
sis(CCA) [8, 6], couldbeexploredin suchsituationswhere
therearelargenumberof text documents.

� Additional dimensionality reduction techniquesfound in
information retrieval and text classi�cation, such as LSI
[10, 9], couldbeincorporatedinto futurestudies.
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J. C. Vorbrüggen,andB. Sendhoff, editors,Proceedingsof ICANN96,Inter-
national Conferenceon Arti�cial Neural Networks,Bochum,Germany, July
16–19,1996, LectureNotesin ComputerScience,vol. 1112,pages269–274.
Springer, Berlin, 1996.

[24] X. Lin, D. Soergel, and G. Marchionini. A self-organizingsemanticmap
for informationretrieval. In Proceedingsof the FourteenthAnnualInterna-
tional ACM SIGIRConferenceon Research andDevelopmentin Information
Retrieval, SemanticModels,pages262–269,1991.

[25] A. K. McCallum. Bow: A toolkit for statisticallanguagemodeling,text re-
trieval, classi�cationandclustering.http://www.cs.cmu.edu/mccallum/bow,
1996.

[26] H. RitterandT. Kohonen.Self-organizingsemanticmaps.Biological Cyber-
netics, 61(4):241–54,1989.

[27] J.Thomas,K. Cook,V. Crow, B. Hetzler, R. May, D. McQuerry, R. McVeety,
N. Miller, G. Nakamura,L. Nowell, P. Whitney, andP. Wong. Humancom-
puterinteractionwith globalinformationspaces- beyonddatamining,1999.

[28] M. Ward. Xmdvtool: Integratingmultiple methodsfor visualizingmultivari-
atedata.Proc.of Visualization'94, p. 326-33, 1994.

[29] M. Ward,J. LeBlanc,andR. Tipnis. N-land: a graphicaltool for exploring
n-dimensionaldata. CG194Proc: Insight ThroughComputerGraphics,p.
130-41, 1996.

[30] R.W. White,I. Ruthven,andJ.M. Jose.Findingrelevantdocumentsusingtop
rankingsentences:anevaluationof two alternative schemes.In M. Beaulieu,
R. Baeza-Yates,S. H. Myaeng,andK. Järvelin, editors,Proceedingsof the
25thannualinternationalACM SIGIRConferenceonResearch andDevelop-
mentin InformationRetrieval, pages57–64,New York, Aug. 11–152002.
ACM Press.

[31] J.A. Wise. Theecologicalapproachto text visualization.JASIS,Vol. 50,No.
13,p. 1224-1233, 1999.

[32] J. A. Wise,J. J. Thomas,K. Pennock,D. Lantrip, M. Pottier, A. Schur, and
V. Crow. Visualizing the non-visual: Spatialanalysisand interactionwith
informationfrom text documents.Proc. of InformationVisualization'1995,
p. 51-58, 1995.

[33] J. Yang, M. O. Ward, and E. A. Rundensteiner. Interring: An interactive
tool for visually navigating andmanipulatinghierarchicalstructures. IEEE
Symposiumon InformationVisualization(InfoVis'02), p. 77-84, 2002.

[34] J.Yang,M. O. Ward,E. A. Rundensteiner, andS.Huang.Visualhierarchical
dimensionreductionfor exploration of high dimensionaldatasets.VisSym
2003,accepted, 2003.

Figure8: Documentclustersin MDS andSOM spaceswith dif-
ferentnumbersof input dimensions.With the increasednumber
of input dimensions,the clusteringactivities werenot improved
signi�cantly. (a), (b) and (c) representthe original and derived
dimensionscomputedusingthetop 71/228/1638words. In MDS
derivedspace,clustersin (a) and(b) aremorediscerniblethanin
(c), while in SOMderivedspace,therearethreeclustersin (a)and
(c) but only oneclusterin (b).


