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Abstract

Wepresenta text documentsearch enginewith several new
visualizationfront-endsthat aid navigationthroughthesetof
documentsreturnedbya query(short“returneddocuments”).
Our methodsarebasedon identifyingandselectingkeywords
on the fly. Thechoiceof keywords dependsnot only on the
frequencyof their occurrencewithin returneddocumentsbut
alsoon thespecificityof their occurrencejustwithin thesere-
turneddocuments.Keywordsare subsequentlyusedto obtain
a sparsedocumentrepresentationand to computedocument
clustersusinga variant of thebuckshotalgorithm.Oneof the
visualizationfront-endsusesthesparsedocumentrepresenta-
tion to obtainkeyword clusters. Wemakeuseof theclustering
to groupthedocumentsreturnedfromthesearch visually, and
to label thegroupswith their mostsalientkeywords. Thedif-
ferent front-endscater for different userneeds.Two of them
canbe employedto browseclusterinformationaswell as to
drill downor up in clustersandrefinethesearch usingoneor
moreof thesuggestedkeywords.

1. Intr oduction
Broadoneor two-word searchesin conventionalsearchen-
ginesareoftenplaguedby low precision,returningthousands
of documentsastheir output. A commonproblemwith this
is thatusersmayhaveto sift throughmuchirrelevantmaterial
beforefindingpertinentdocuments.

We suggestusinga standardfull-text searchengine,but in
additioncomputingkeywords from the set of returneddoc-
uments. Thesekeywords can assistthe user in a variety
of ways: i) informing about issuesrelatedto the query, ii)
narrowing down the query with additionalquery term sug-
gestions,iii) clusteringand iv) displayingand labelling the
returned-documentclusters.

In Section2, we review our methodof generatingkey-
words. In order to be computationallyefficient we generate
a list of candidatekeywordsfor eachdocumentat index time.
This list is availableat query time without having to access
theoriginaldocuments.Threecriteriaareappliedfor keyword
selection:they mustbe of generalpotentialinterest,be spe-
cific for the returned-documentsetandbe of discriminative
powerwithin this set.In our documentsetof around550,000
�
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documentsthequery“computer”will producekeywordslike
“software”,“UNIX”, “IBM” or “users”.

When clusteringdocumentsfrom the returned-document
set,we make useof a sparsedocumentrepresentationusing
keyword histogramvectors. Not only doesthis alleviate the
curseof dimensionalitythat comeswith the otherwisepop-
ular word histogramrepresentationsbut it also reducesthe
computingtime significantly. Section3 describesthe tech-
nical componentsandinteractionof thewholesearchengine
with its InformationNavigatorfront-end,while Section4 de-
tails threegraphicalinterfacesthatmake useof thekeyword-
documentmatrix. Thesethreeinterfacesarealternativeviews
of thetraditionalranked-listrepresentation.

Our thesisis that thesegraphicalcluster-basedrepresen-
tations shift the user’s mental load from slower thought-
intensive processessuchasreadingto fasterperceptualpro-
cessessuchaspatternrecognitionin a visual display. In our
opinion, the one-dimensionalranked-list metaphoris too re-
strictive when the returned-documentset is large. Further-
more,in conventionalsearchengines,the documentsareul-
timately ranked with the aim of orderingthemaccordingto
relevanceto theuser. This appearsto beoverly ambitiousas
even advancedrankingalgorithmscannotknow whetherthe
userprefersdocumentsabout“hardware”or “software”when
thequerysimplywas“computer”.Again,a graphicalcluster-
basedinterfacemighthelpusersfind whatthey want.

2. Keywords and Clustering

2.1. The Curse of Dimensionality and Dynamically
ComputedKeywords

The natural features of text documentsare words or
phrases,and a documentcollection can containmillions of
suchdistinct features. The often-usedword histogramrep-
resentationof documentsconsequentlyleadsto very high di-
mensionalvectors. The intrinsic problemwith this kind of
representationsis that any two randomlypicked vectorsin a
high-dimensionalhypercubetendto have a constantdistance
from eachother, no matterwhat the measureis. As a con-
sequence,clusteringalgorithmsthat arebasedon document
distancesbecomeunreliable.For a moredetaileddiscussion
aboutthecurseof dimensionalitysee[19].

Even after applyingfeaturereduction,the numberof fea-
tures remains large. In our clustering experimentswith



548,948documents1, a candidatekeyword had to appearin
at leastthreedocumentsandin nomorethat33%of all docu-
ments.Thisresultedin avocabularyof around222,872candi-
datekeywords.In our systemwe store,at index time,around
200candidatekeywordsperdocument.A set

�
of documents

returnedby a querymay still have a candidate-keyword vo-
cabularyof well over10,000differentwords.As anexample,
the four setsof top 500 documentsreturnedby the queries
“mafia,” “Clinton,” “cancer”and“computer”useavocabulary
of between14,000and17,000differentcandidatekeywords.

Documentclusteringhasattractedmuchinterestin there-
centdecades,eg [20, 8, 29, 17], andmuchis known aboutthe
importanceof featurereductionin general,eg [14] and,in par-
ticular, clustering[27]. However, little hasbeendonesofar to
facilitatefeaturereductionfor documentclusteringof query
results,with thenotableexceptionof [22]. In contrastto the
latter paper, which usesa tf-idf weightingscheme,we sug-
gestrankingthe importanceof eachsuchcandidatekeyword�
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wholedocumentcollection � containing

�
. Thesecondfactor

preferswords with medium-valuedmatched-documentfre-
quencies,while thefirst factorpreferswordsthatspecifically
occurin the matcheddocuments.The highest-rankedwords
aremeantto be relatedto the query. Indeed,we have “soft-
ware”, “IBM”, “UNIX” etc as the top-ranked words when
queryingfor “computer”. This seemsto be a powerful ap-
proachto restrict the featuresof the matcheddocumentsto
thetop � rankedwords,whichwewill call thekeywords. One
importantaspectis that the featuresare computedat query
time. Hence,whenthe above query is refinedto “computer
hardware”, a completelynew setof keywordsemergesauto-
matically.

2.2. DocumentRepresentation

For eachmatcheddocument� we createa � -dimensional
vector  "! , whose

�
-th component "! � is a functionof thenum-

berof occurrences# ! � of the
�
-th rankedkeyword in thedoc-

ument� :
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This is a variationof thetf-idf weight thatgiveslessstressto
the termfrequency # ! � (thenumberof occurrencesof the

�
th

rankedkeywordin document� ). Weprojectthevector  "! onto
the � -dimensionalunit sphereobtaininga normalizedvector* ! thatrepresentsthedocument� . Wedeemthescalarproduct
of *,+ and *,- (i.e. thecosineof theanglebetweenvectors +
and  - ) a sensiblesemanticsimilarity measure betweentwo

1TRECCDsvol3 andvol4, includingarticlesof theLos AngelesTimes,
theFinancialTimes,theFederalRegister, CongressRecordsandtheForeign
BroadcastInformationService,seehttp://trec.nist.gov

documents. and / in the documentsubset
�

returnedby a
querywith respectto thecompletedocumentcollection � .* may be viewed as a documentrepresentationmatrix
wherethe row vector * ! is a � -dimensionalrepresentationof
document� and * ! � is viewedastheimportanceof keyword

�
for document� . In particular, * ! ���10 if andonly if document
� doesnot containkeyword

�
. Thenumberof features� can

becontrolledby theexperimenter, andour experimentsusing
the TREC dataof humanrelevancejudgementshave shown
that �32 '40 yieldssuperiorclusteringresults[19]. Note that
even if only the top ten keywords are usedfor the cluster-
ing anddocumentrepresentation,we might still displaymore
keywordson thescreento assisttheuserin hisor hersearch.

2.3. DocumentClustering

Post-retrieval documentclusteringhasbeenwell studied,
eg [9, 1, 15, 10, 31]. We deploy a variantof the Buckshot
algorithm[9]. Eachclustercontainsa certainnumberof doc-
umentvectorsand is representedby their normalizedarith-
metic mean,the so-calledcentroidvector. In the first phase,
hierarchicalclusteringwith completelinkageoperateson the
best-ranked150documents.This canbedonein a fractionof
onesecondCPUtime. Hierarchicalclusteringhastheadvan-
tagethat onecaneitherprescribethe number 5 of clusters
or let the numberof clustersbe determinedby demandinga
certainminimumsimilarity within a cluster. Eitherway, once
clusterswithin thetop-rankeddocumentsareidentified,their
5 centroidscanbecomputedandusedasa seedfor standard
iterative clusteringof the remainingdocuments.This algo-
rithm scaleslinearwith thenumber � � � of documentsandthe
number 5 of clusters. In our experience,onecycle of iter-
ative clusteringis not only adequatebut also preserves the
clusterstructuregiven by the top-ranked documents.1,000
documentscanthusbeclusteredin well underonesecondon
a2 GHz PC.

3. SystemOverview and Ar chitecture

The systemconsistsof two major subsystems:the server
side componentsthat index the data,carry out queriesand
processthe results,and the graphicaluserinterface. In the
restof this sectionweexplain theconstituentpartsof both.

Thesearchengineconsistsof threemajorparts:theindex-
ing programthatfeedsthesearchengine,thesearchengineit-
selfandtheresultprocessingprogramthataddstheinteresting
word data,clustersandSammonMaps [21] to the returned-
documentset.

The searchengineis poweredby a slightly modifiedver-
sionof themgsearch enginethataccompaniestheManaging
Gigabytesbook [30]. It canbe set to performranked query
searcheswheretheoutputis a list of documentreferencesand
abrief sectionof thetext.

For indexing, themg engineexpectsto run anapplication
or a shell script that deliversa seriesof documentsto it via
standardoutput,delimitingeachdocument.Theuserneedsto



devisea suitableprogramto carryout this task.Our indexing
program,while descendingthroughthevariousdocumentdi-
rectoriesandlisting their contentsto the mg engine,it keeps
a recordof eachword usedin all the documentsand of its
documentfrequency.

After the first passthe indexing programhasa datafile
containingthedocumentfrequency of eachword. This file is
usedto createanorderedfile of candidatekeywords,anindex
into thatfile andanindex file of documentfrequencies.Can-
didatekeywordsarethosethat fall insidea statisticalbound-
ary of documentfrequencies(seeSection2.1). The indexing
programthenmakesasecondpassthroughthedocumentdata
files,recording,for eachdocument,thefrequency of eachcan-
didatekeyword it contains. The datais storedin a variable
lengthrecordfile andanindex into thatfile is created.

To obtainkeywords,thecandidatekeyword anddocument
dataencapsulatedin theaboveauxiliaryindex filesareusedby
theprocessingprogramto calculatetheweightof eachcandi-
datekeyword usingthestatisticalformula(1). The100high-
estweightedcandidatekeywordsin the resultsetarekeptas
keywords. A sparsematrix of the incidentsof the keywords
in eachdocumentis then created. This matrix is clustered,
anda Sammonmap is generatedfrom the clustercentroids.
The documentnumbers,documentsnippets,the keywords,
thesparsematrixof keyworddocumentincidents,theclusters
of documentnumbersandtheSammonmapof theclustersare
all pipedout to thecalling program.

Oncethe documentsareindexed,themg searchengineis
ableto respondto a queryby computingefficiently a ranked
list of thereferencesto thosedocumentsthatcontainthequery
words. Note that at this point a standardfull-text inverted
documentfile is usedfor processinga query.

The displayappletconsistsof a queryinterfaceandthree
visualizationson differenttabbedpanelsthatareservicedby
the samedatamanagermodule. This moduleis the pieceof
coderesponsiblefor storingthe dataandsupplyingit to the
individualvisualizationmodules.

The applet communicatesdirectly with a servlet on the
server-side. In the caseof a searchquerythe servletrunsa
shell script that calls instancesof the mg searchengineand
the result-processingprogram. The result is piped back to
the servlet,which thencreatesa serializeddataobject to be
transmittedto the applet. The appletusesthe datato setthe
contentsof the datamanagerandupdatesthe display of all
threevisualizations.

When the userasksfor a documentto be displayed,the
servletgeneratesarequestfor mgandretrievesthefull content
of the specifieddocument.The servletthentransmitsit asa
serializedvector of lines to the applet to be displayedin a
separatebrowserwindow.

The systemas it standsis a thick client model. It mini-
mizesuseof thenetwork by puttingmuchof thework in the
applet.Oncetheappletis installedin theclient’sbrowseronly
a limited demandwill bemadeon network resources,bothat
querytime andon documentretrieval.

Figure 1. SammonMap: distancesbetweencirclesinform
aboutthesimilaritiesof theassociatedclusters.

4. NewParadigms in Inf ormation Visualization
The last decadehaswitnessedan explosion in interestin

thefield of informationvisualization,e.g. [13, 7, 26, 11, 2, 6,
16, 3, 25, 33, 31, 32, 24, 5, 18]. We addthreenew techniques
to thepool of existing visualizationparadigms,basedon our
designstudy[4].

4.1. SammonCluster View

This paradigmusesa Sammonmapto generatea two di-
mensionallocationfrom amany-dimensionalvectorof cluster
centroids. This mapis computedusingan iterative gradient
search[21]. The algorithmaimsto representn-dimensional
pointsin a lower-dimensionalspacewhile attemptingto pre-
serve thepairwisedistancesbetweentheobjects.Clustersare
thusarrangedsuchthat their mutualdistancesare indicative
of their relationshipsin then-dimensionalspace.The ideais
to createavisual landscapefor navigation.

Thedisplayhasthreepanels,a scrollingtablepanelto the
left, a graphicpanelto theright anda scrollingtext panelbe-
low (seeFig 1). In the graphicpaneleachclusteris repre-
sentedby a circle andis labelledwith its mostfrequentkey-
word. Theradiusof thecircle informsaboutthesizetheclus-
ter. Thedistancebetweenany two circlesin thegraphicpanel
is an indicationof the similarity of their respective clusters:
the nearerthe clusters,the more likely the documentscon-
tainedwith in will be similar. Whenthe mousepassesover
theclustercirclea‘tool tip’ box in theform of apop-upmenu
appears.

The first item in the clusterpopupmenushows the count
of documentsin that cluster. Choosingthis item displaysa
scrolledtableof clusterkeywordsin thepaneon theleft-hand
sideof thevisualizationandascrolledlist of clusterdocument
hot-linksandsnippetsappearin the scrolling text window at
thebottomof thedisplay.



Thetableof keywordsincludesa box field thatcanbese-
lected.At thebottomof thetableis a filter buttonthatmakes
thescrollingtext window displayonly thehot-linksandsnip-
petsfrom documentsthatcontaintheselectedkeywords.The
selectitem in the pop-upmenumarksa clusteras selected
andsignalsthis with a flag. The othermenuitemsserve to
label the clusterwith four significantkeywordsandare not
selectable.

Thedrill down item in thepop-upmenuperformsa redis-
play of the documentsin the currentclusterandall selected
clusters(if any). Drill down in this sensepushesthe current
datamanageronto a stackand createsa new datamanager
thatconsistsof only thedocumentsin thecurrentandselected
clusters.Thisnew instanceof thedatamanagerre-clustersthe
subsetof theoriginal returned-documentsetandthencreates
anew Sammonmapthatin turn leadsto a new displayin this
visualization. The level indication at the top of the display
is incrementedand the backbutton enabled. The back but-
ton popsthe datamanagerfrom the stackandclimbs up the
hierarchy(drill up). Theclusteringalgorithmusedfor reclus-
teringonadrill down operationis theonedescribedin 2.3but
this time implementedin theapplet.

4.2. Dendro Map Visualization

The Dendro Map visualizationrepresentsdocumentsas
leaf nodesof a binary tree using the sameclusteringalgo-
rithm describedearlier. With its plane-spanningpropertyand
progressiveshorteningof branchestowardstheperiphery, the
DendroMapmimicstheresultof anon-Euclideantransforma-
tion of theplaneasusedin hyperbolicmapswithoutsuffering
from thecomputationalloadtypically associatedwith thelat-
ter. Owing to spatialconstraints,the visualizationdepthis
confinedto five levelsof thehierarchywith nodesof thelow-
estlevel representingeitherdocumentsor subclusters.Differ-
entcoloursfacilitatevisualdiscriminationbetweenindividual
documentsand clusters. Next to eachlowest level nodeis
printedthemostfrequentkeywordof thesubcluster(or docu-
ment). This formsa key componentof theDendroMap asit
givestheuserthecuesneededfor navigatingthroughthetree.
As theusermovesthemousepointeroveraninternalnode,the
colour of internalnodesandbranchesof the associatedsub-
clusterchangecolour from light blue to dark blue while the
leafnodes(i.e. documentrepresentations)turn bright red.As
in theSammonMap,atool-tip window providesadditionalin-
formationabouttheclusterandcanbeusedto displaya table
with a list of keywordsassociatedwith the cluster. Theuser
may performdrill-down on any internalnode. The selected
nodewill asa resultreplacethecurrentroot nodeat thecen-
terandtheentiredisplayis re-organizedaroundthenew root.
Themulti-level approachof theDendroMap allows theuser
to gaina quick overview over thedocumentcollectionandto
identify promisingsubsets.

Figure 2. DendroMap: a plane-spanningbinarytree.

4.3. Radial Interacti veVisualization

Radial (Figure3) is similar to VIBE [13], to Radviz[12]
and to Lyberworld [11]. Radviz placesthe keyword nodes
roundacircleasdimensionalanchorsandthedocumentnodes
occur in the middle as if suspendedby springsconnecting
themto keywordnodes.Thegreaterthecontent,thestronger
the springs’ effect on the document’s location. Hence,we
make direct useof the representationmatrix * without ex-
plicit clustering. Radial addsa level of user interactionto
the metaphorintroducedby RadViz andVIBE. Building on
VIBE, Lyberworld takesa similar ideainto threedimensions.
In Lyberworld vectoraddition is usedto position the docu-
mentsnodeswithin a relevancesphere. Thedocument’skey-
word contentcreatesa vectorbetweenthe centreaxis of the
sphereandthe positionof that keyword on the sphere’s sur-
face.Theradiusof thesphereis definedby therangeof pos-
siblevectorlengths.In Lyberworld the relevancespherecan
be rotatedso that the 2D computerdisplaycangive moreof
a clue as to the 3D location of the documentnoderelative
to the keyword nodes.Also the relative attractivenessof the
keywordnodescanbeenhancedto pull relateddocumentsto-
wardsthem. Radial,stayingwith only two dimensions,dis-
penseswith someof the perceptualcomplexity implicit in
renderinga threedimensionalmodel on a two dimensional
screen.

Radialalsousesthestatisticallycollectedkeywordsto dif-
ferentiatethedocuments.Initially, thetwelvehighestranking
keywords are displayedin a circle. Any documentsin the
searchsetthatcontainthosekeywordsareplacedusingasim-
ilar vectorsumwithin thecircle. As themousepassesoverthe
documentnodes,a bubbledisplaysa descriptivepieceof text
from the document. The dimensionsof the circle aremore
arbitrary than in Lyberworld and if the displayweresimply
basedon a flat sum of vectorsit would be possiblefor the
documentnodesto be outsidethe circle. However we have
constrainedtheir positionsby projectingthe radial locations



Figure 3. Radial visualization: manualclusteringcan be
achievedby alteringthepositionof thekeyword nodes.

throughthearc-tangentfunction,with theresultthat thedoc-
umentscannotbemovedoutsideof thecircle.

Dimensionalityreductionhasthe effect that locationsof
documentnodesbecomeambiguous.Theremaybemany rea-
sonsfor a nodeto have a particularposition.To mitigatethis
ambiguity in Radial the usercanclick on a documentnode,
andthe keyword nodesthat affect the locationof document
are highlighted. We believe that this is a novel and useful
feature.Cluesto the effectsof differentdimensionsarealso
given whena keyword nodeis selectedwith the mouse:the
documentnodeswhich containthatkeyword arehighlighted.
Similarly to Lyberworld thevectoreffect of a particularkey-
wordnodeonthedocumentsetcanbeenhanced.However, in
Radialit is achievedby grabbingthe keyword nodewith the
mouseandmoving it away from the edgeof the circle: All
documentsthatcontainthis keyword follow themovementof
thekeyword, accordingly. Manualclusteringcanbeeffected
by placingseveral keyword nodestogether. Alternatively, a
buttonallows thedisplayedkeyword arrangementto beauto-
maticallyclusteredusingthecolumnsof thematrix * .

The choice of keywords usedin the display can be en-
hancedandreducedby clicking on two visible lists of words.
Zoombuttonsallow thedegreeof projectionto beincreasedor
reducedsoasto distinguishbetweendocumentnodesaround
theedgesof thedisplayor at thecentre.

The Radialvisualizationappearsto be a goodinteractive
tool to structurethe documentset accordingto one’s own
preferencesby shifting keywordsaroundin the display. The
shortcomingof theRadialvisualizationis thatit canonly say
somethingaboutthe documentsin the resultsetthat contain
the particularsetof keywords,andincreasingthe numberof
keywordseventuallymakesthe the whole displayvery diffi-
cult to interpret.Thisis wherethecluster-basedvisualizations
(DendroandSammonMap)provetheirmerits.

4.4. Unified Approach
Theapplicationasa wholeoffersthepossibilityof brows-

ing the sameresult set in several different ways simultane-
ously. Thecluster-basedvisualizationsgive a broaderoverall
pictureof theresult,while theRadialvisualizationallows the
userto focusonsubsetsof keywords.Also, astheclustersare
approximationsthat bring to the fore particularkeywords,it
maybeusefulto returnto theRadialvisualizationandexam-
inetheeffectof thesekeywordsuponthewholedocumentset.
The Radialvisualizationwill perhapsbe morefruitful if the
initial keywordsmatchthe user’s areaof interest. The Sam-
mon Map will let the userdissectsearchsetsandre-cluster
subsets,graduallyhoming in on target sets. Again the user
mayhaverecourseto theRadialvisualizationandapplythose
keywordsto the whole resultset. In the end,he or shewill
needto readonly asmallfractionof theretrieveddocuments.
The cluster-basedvisualizationsgive a visual analogyof the
structureimplicit in thelibrary classificationscheme.TheRa-
dial visualizationthrowsuptheeffectsof keywordsthatcause
crossreferencesbetweendocuments,andallows the userto
skimbetweensubjectareas.

5. Evaluation
The literature of information visualization is still one

mainly of construction,not of evaluation(notableexceptions
are[28, 23]. Ourevaluationis athreelevelapproach.For level
one, we performedexperimentsto assessthe quality of the
clusteringprocessbasedon human-expert data,ie, the abil-
ity to separaterelevantdocumentsfrom irrelevantdocuments
[19]. We usedthe 1997-1998sub-collectionof the TREC
datawith 528,155documents,100 queriesand correspond-
ing relevanceassessments.We posedthe questionwhether
theclustersgeneratedby ourclusteringalgorithmshadahigh
or low concentrationof relevantdocuments.The resultsadd
further evidencefor the validity of the ClusteringHypothe-
sis [27] for post-retrieval documentsetsand for the useof
low-dimensionaldocumentrepresentationsusingthekeyword
computationdiscussedin Section2. Thisstudygavethegreen
light for developing designsfor clustervisualizations. For
level two, in theprocessof developingthissoftware,wewere
ableto get invaluablefeedbackfrom students.The applica-
tion waspostedon thewebandwe askeda groupof usersto
completea pre-usequestionnaire.We askedthemto usespe-
cific visualizationinterfacesto executea collectionof pre-set
queriesthatweresufficiently obscurefor theanswersnotto be
known beforehand,andyet to be in the datasetsomewhere.
Next, we asked the usersto apply the systemto queriesof
their own choiceand, finally, we asked themto completea
post-usequestionnairethatcontainednarrow questionsabout
theapplicationandplacefor generalcomments.Thissecond-
levelevaluationservedto refinethedesignof thevisualization
interfaces.

The third level of evaluationis a properand formal user
study currently carried out through collaborationwith the
Ben-GurionUniversityof theNegev.



6. Conclusions

Ourwork hascontributedto thevisualizationandbrowsing
of thesetof documentreturnedby asearchenginein anumber
of ways.1) Wecanidentify relevantfeaturesof thisdocument
set: the keywords. Theseareusedfor dimensionalityreduc-
tion andimprovedclustering,clusterlabelling,queryrefine-
mentandvisualization.2) UsingSammon’salgorithmweare
ableto createasettingwith aholisticview giving primarily in-
formationaboutafirst-orderclusterstructureandinter-cluster
relations.Themainpurposeis to quickly weedout irrelevant
clustersanddrill downin oneormorerelevantclusters.3) The
distortedbinarytreeasusedin our DendroMap implementa-
tion allows usto visualizeseveral levelsof theclusterhierar-
chy andthusaidsthe userin quickly narrowing down heror
hissearchto asmallsubsetof documents.4) A keywordclus-
teringwith theRadialvisualizationgivesriseto anothernovel
documentclusteringapproach,onewherethe usercancon-
trol thebuilding of groupsby interactively moving keywords,
makingit particularlyusefulfor anexperimental,user-driven
approachto form clusters.
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