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Abstract

We presenta text documensearch enginewith several new
visualizationfront-endsthat aid navigationthroughthe setof
documentseturnedby a query(short“returneddocumentsy.
Our methodsare basedonidentifyingand selectingkeywords
on thefly. The choice of keywords dependsot only on the
frequencyof their occurrencewithin returneddocumentsut
alsoonthespecificityof their occurrencejust within thesere-
turneddocumentsKeywords are subsequentlysedto obtain
a sparsedocumentepresentatiorand to computedocument
clustes usinga variant of the budkshotalgorithm. Oneof the
visualizationfront-endusesthe spaisedocumentepresenta-
tion to obtainkeyword clustes. We male useof the clustering
to groupthedocumentseturnedfromthe search visually, and
to label the groupswith their mostsalientkeywords. Thedif-
ferentfront-endscater for differentuserneeds.Two of them
can be employedo browseclusterinformationaswell asto
drill downor upin clustes andrefinethe search usingoneor
mote of the suggestedkeywords.

1. Intr oduction

Broad one or two-word searchesn corventionalsearchen-
ginesareoftenplaguedoy low precision returningthousands
of documentsastheir output. A commonproblemwith this
is thatusersmayhave to sift throughmuchirrelevantmaterial
beforefinding pertinentdocuments.

We suggestisinga standardull-text searchengine butin
addition computingkeywords from the set of returneddoc-
uments. Thesekeywords can assistthe userin a variety
of ways: i) informing aboutissuesrelatedto the query ii)
narronving down the query with additional query term sug-
gestionsiiii) clusteringandiv) displayingand labelling the
returned-documerdiusters.

In Section2, we review our methodof generatingkey-
words. In orderto be computationallyefficient we generate
alist of candidatekeywordsfor eachdocumengtindex time.
This list is available at querytime without having to access
theoriginaldocumentsThreecriteriaareappliedfor keyword
selection:they mustbe of generalpotentialinterest,be spe-
cific for the returned-documerdgetand be of discriminative
power within this set.In our documensetof around550,000
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documentghe query“computer”will producekeywordslike
“software”,“UNIX", “IBM” or “users”.

When clusteringdocumentsrom the returned-document
set,we make useof a sparsedocumentrepresentatiomsing
keyword histogramvectors. Not only doesthis alleviate the
curseof dimensionalitythat comeswith the otherwisepop-
ular word histogramrepresentationsut it also reducesthe
computingtime significantly Section3 describeghe tech-
nical component@andinteractionof the whole searchengine
with its InformationNavigatorfront-end,while Section4 de-
tails threegraphicalinterfacesthat make useof the keyword-
documenmmatrix. Thesethreeinterfacesarealternatve views
of thetraditionalranked-listrepresentation.

Our thesisis that thesegraphicalclusterbasedrepresen-
tations shift the users mental load from slower thought-
intensive processesuchasreadingto fasterperceptuajpro-
cessesuchaspatternrecognitionin a visual display In our
opinion, the one-dimensionatanked-list metaphoiis too re-
strictive when the returned-documenrdet is large. Further
more, in corventionalsearchenginesthe documentsare ul-
timately ranked with the aim of orderingthem accordingto
relevanceto the user This appeargo be overly ambitiousas
even advancedranking algorithmscannotknow whetherthe
userprefersdocumentabout‘hardware” or “software” when
thequerysimply was“computer”. Again, a graphicalcluster
basednterfacemighthelpusersfind whatthey want.

2. Keywords and Clustering

2.1 The Curse of Dimensionality and Dynamically
Computed Keywords

The natural featuresof text documentsare words or
phrasesand a documentcollection can contain millions of
suchdistinct features. The often-usedword histogramrep-
resentatiorof documentsonsequentlyeadsto very high di-
mensionalvectors. The intrinsic problemwith this kind of
representations thatary two randomlypicked vectorsin a
high-dimensionahypercubeendto have a constantistance
from eachother, no matterwhat the measurds. As acon-
sequenceglusteringalgorithmsthat are basedon document
distancesecomeunreliable. For a more detaileddiscussion
aboutthe curseof dimensionalitysee[19].

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



548,948documenty, a candidatekeyword hadto appearin
atleastthreedocument&ndin no morethat33%of all docu-
ments.Thisresultedn avocahulary of around222,872candi-
datekeywords. In our systemwe store,atindex time, around
200candidat&keywordsperdocumentA setR of documents
returnedby a querymay still have a candidate-kyword vo-
calulary of well over 10,000differentwords. As anexample,
the four setsof top 500 documentgeturnedby the queries
“mafia;’ “Clinton,” “cancer’and“computer’useavocalulary
of betweenl4,000and17,000differentcandidatekeywords.

Documentclusteringhasattractedmuchinterestin there-
centdecadesegg [20, 8, 29, 17], andmuchis known aboutthe
importanceof featurereductionin generalgg [14] and,in par
ticular, clustering[27]. However, little hasbeendonesofarto
facilitate featurereductionfor documentclusteringof query
results,with the notableexceptionof [22]. In contrastto the
latter paper which usesa tf-idf weightingschemewe sug-
gestrankingthe importanceof eachsuchcandidatekeyword
j with aweight

” ou

wj = g -rylog(IRl/m), ()
where|R)| is the total numberof documentsn the set R of
returneddocumentsy; is thenumberof documents$n R con-
taining word j, andd; is the numberof documentsn the
wholedocumentollectionD containingj. Thesecondactor
preferswords with medium-walued matched-documerire-
guencieswhile thefirst factorpreferswordsthat specifically
occurin the matcheddocuments.The highest-rankd words
aremeantto berelatedto the query Indeed,we have “soft-
ware”, “IBM”, “UNIX" etc as the top-ranled words when
qgueryingfor “computer”. This seemsto be a powerful ap-
proachto restrictthe featuresof the matcheddocumentgo
thetop k£ rankedwords,whichwewill call thekeywords One
importantaspectis that the featuresare computedat query
time. Hence,whenthe above queryis refinedto “computer
hardware”, a completelynew setof keywordsemepgesauto-

matically.

2.2 DocumentRepresentation

For eachmatcheddocument; we createa k-dimensional
vectorv;, whosej-th componenw;; is afunctionof thenum-
berof occurrences;; of the j-th rankedkeywordin the doc-
ument::

vij = logy (1 + ti;) - log(|D| /dy) )

Thisis avariationof thetf-idf weightthatgiveslessstressto
thetermfrequeng ¢;; (the numberof occurrencesf the jth
rankedkeywordin document). We projectthevectorv; onto
the k-dimensionalunit sphereobtaininga normalizedvector
u; thatrepresentthedocument. We deenthescalarmproduct
of u, anduy (i.e. the cosineof the anglebetweenvectorsy,
andw;) a sensiblesemanticsimilarity measue betweentwo
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documentsy andb in the documentsubsetR returnedby a
guerywith respecto the completedocumentollectionD.

u may be viewed as a documentrepresentatiormatrix
wherethe row vectoru; is a k-dimensionakepresentatioof
document andu;; is viewedastheimportanceof keyword j
for document. In particulas u;; = 0 if andonly if document
1 doesnot containkeyword j. The numberof featuresk can
be controlledby the experimenterandour experimentsusing
the TREC dataof humanrelevancejudgementshave shovn
thatk =~ 10 yields superiorclusteringresults[19]. Notethat
even if only the top ten keywords are usedfor the cluster
ing anddocumentepresentationye might still displaymore
keywordsonthescreerto assistheuserin hisor hersearch.

2.3 DocumentClustering

Post-retrigal documentclusteringhasbeenwell studied,
eg [9, 1, 15, 10, 31]. We deploy a variantof the Buckshot
algorithm[9]. Eachclustercontainsa certainnumberof doc-
umentvectorsandis representedby their normalizedarith-
metic mean,the so-calledcentroidvector In thefirst phase,
hierarchicalclusteringwith completelinkage operateon the
best-rankd150documentsThis canbedonein afraction of
onesecondCPUtime. Hierarchicalclusteringhasthe advan-
tagethat one can either prescribethe numberN of clusters
or let the numberof clustersbe determinedby demandinga
certainminimumsimilarity within a cluster Eitherway, once
clusterswithin thetop-ranleddocumentsareidentified, their
N centroidscanbe computedandusedasa seedfor standard
iterative clusteringof the remainingdocuments. This algo-
rithm scaledinearwith thenumber|D| of documenta&ndthe
numberN of clusters. In our experience one cycle of iter-
ative clusteringis not only adequatebut also preseresthe
clusterstructuregiven by the top-ranked documents. 1,000
documentsanthusbe clusteredn well underonesecondon
a2 GHzPC.

3. SystemOverview and Ar chitecture

The systemconsistsof two major subsystemsthe sener
side componentghat index the data, carry out queriesand
processhe results,and the graphicaluserinterface. In the
restof this sectionwe explainthe constituenpartsof both.

The searchengineconsistf threemajorparts:theindex-
ing programthatfeedsthe searcrengine the searchengineit-
selfandtheresultprocessingrogramthataddstheinteresting
word data, clustersand SammorMaps[21] to the returned-
documenset.

The searchengineis poweredby a slightly modifiedver-
sionof themgsearh enginethataccompaniethe Managing
Gigabytesbook[30]. It canbe setto performranked query
searchesvherethe outputis alist of documenteferencesnd
abrief sectionof thetext.

For indexing, the mg engineexpectsto run an application
or a shell script that delivers a seriesof documentdo it via
standardutput,delimiting eachdocument.Theuserneedgo



devisea suitableprogramto carryout this task. Ourindexing

programwhile descendinghroughthe variousdocumendi-

rectoriesandlisting their contentgto the mg engine,it keeps
arecordof eachword usedin all the documentsand of its

documenfrequeng.

After the first passthe indexing programhasa datafile
containingthe documenfrequeng of eachword. Thisfile is
usedto createanorderedile of candidat&keywords,anindex
into thatfile andanindex file of documenfrequenciesCan-
didatekeywordsarethosethatfall inside a statisticalbound-
ary of documenfrequenciegseeSection2.1). Theindexing
programthenmakesa secondpasghroughthedocumentiata
files,recordingfor eachdocumentthefrequeny of eachcan-
didatekeyword it contains. The datais storedin a variable
lengthrecordfile andanindex into thatfile is created.

To obtainkeywords,the candidatekeyword anddocument
dataencapsulateih theaboveauxiliaryindex filesareusedoy
theprocessingrogramto calculatetheweightof eachcandi-
datekeyword usingthe statisticalformula (1). The 100high-
estweightedcandidatekeywordsin theresultsetarekeptas
keywords. A sparsematrix of the incidentsof the keywords
in eachdocumentis then created. This matrix is clustered,
anda Sammonmapis generatedrom the clustercentroids.
The documentnumbers,documentsnippets,the keywords,
thesparsematrix of keyword documenincidents the clusters
of documennhumbersandthe Sammommapof theclustersare
all pipedoutto thecalling program.

Oncethe documentsareindexed, the mg searchengineis
ableto respondo a queryby computingefficiently a ranked
list of thereference$o thosedocumentshatcontainthequery
words. Note that at this point a standardfull-text inverted
documenfile is usedfor processing query

The display appletconsistsof a queryinterfaceandthree
visualizationson differenttabbedpanelsthatare servicedby
the samedatamanagemodule. This moduleis the pieceof
coderesponsibldor storingthe dataand supplyingit to the
individual visualizationmodules.

The appletcommunicatedlirectly with a servleton the
sener-side. In the caseof a searchquerythe servletrunsa
shell script that calls instance<f the mg searchengineand
the result-processingrogram. The resultis piped back to
the servlet,which thencreatesa serializeddataobjectto be
transmittedto the applet. The appletusesthe datato setthe
contentsof the datamanagerand updatesthe display of all
threevisualizations.

Whenthe userasksfor a documentto be displayed,the
servletgeneratearequesfor mgandretrievesthefull content
of the specifieddocument.The servletthentransmitsit asa
serializedvector of lines to the appletto be displayedin a
separatdrowserwindow.

The systemasit standsis a thick client model. It mini-
mizesuseof the network by puttingmuchof thework in the
applet.Oncetheappletis installedin theclient'sbrowseronly
alimited demandwill be madeon network resourcesbothat
guerytime andon documentetrieval.
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Figure 1. SammonMap: distancedetweercirclesinform
aboutthe similaritiesof theassociatedlusters.

4. New Paradigmsin Information Visualization

The last decadehaswitnessedan explosionin 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 the pool of existing visualizationparadigmspasedon our
designstudy[4].

4.1 SammonCluster View

This paradigmusesa Sammonmapto generatea two di-
mensionalocationfrom amary-dimensionabectorof cluster
centroids. This mapis computedusingan iterative gradient
search[21]. The algorithmaimsto represenn-dimensional
pointsin a lower-dimensionakpacewhile attemptingto pre-
sene the pairwisedistancedetweerthe objects.Clustersare
thusarrangedsuchthat their mutual distancesare indicative
of their relationshipsn the n-dimensionakpace.Theideais
to createa visuallandscapdor navigation.

Thedisplayhasthreepanelsa scrollingtable panelto the
left, a graphicpanelto theright anda scrollingtext panelbe-
low (seeFig 1). In the graphicpaneleachclusteris repre-
sentedby a circle andis labelledwith its mostfrequentkey-
word. Theradiusof the circle informsaboutthesizetheclus-
ter. Thedistancebetweerary two circlesin thegraphicpanel
is an indication of the similarity of their respectie clusters:
the nearerthe clusters,the more likely the documentscon-
tainedwith in will be similar. Whenthe mousepassesver
theclustercircle a‘tool tip’ boxin theform of apop-upmenu
appears.

Thefirst item in the clusterpopupmenushaows the count
of documentsn that cluster Choosingthis item displaysa
scrolledtableof clusterkeywordsin thepaneontheleft-hand
sideof thevisualizatiorandascrolledlist of clusterdocument
hot-links and snippetsappearin the scrolling text window at
thebottomof thedisplay



Thetableof keywordsincludesa box field thatcanbe se-
lected. At the bottomof the tableis afilter buttonthatmakes
thescrollingtext window displayonly the hot-linksandsnip-
petsfrom documentghatcontainthe selectedkeywords. The
selectitem in the pop-upmenumarksa clusteras selected
and signalsthis with a flag. The othermenuitemssene to
label the clusterwith four significantkeywords and are not
selectable.

Thedrill down itemin the pop-upmenuperformsa redis-
play of the documentsn the currentclusterandall selected
clusters(if ary). Drill down in this sensepusheghe current
datamanageronto a stackand createsa new datamanager
thatconsistof only thedocumentsén the currentandselected
clusters.Thisnew instanceof thedatamanagere-clusterghe
subsebf the original returned-documerdetandthencreates
anev Sammommapthatin turn leadsto a new displayin this
visualization. The level indication at the top of the display
is incrementedand the back button enabled. The back but-
ton popsthe datamanagerfrom the stackand climbs up the
hierarchy(drill up). The clusteringalgorithmusedfor reclus-
teringonadrill down operatioris theonedescribedn 2.3but
thistime implementedn theapplet.

4.2 Dendro Map Visualization

The Dendro Map visualizationrepresentslocumentsas
leaf nodesof a binary tree using the sameclusteringalgo-
rithm describeckarlier With its plane-spanningropertyand
progressie shorteningof branchesowardsthe peripherythe
DendroMapmimicstheresultof anon-Euclideartransforma-
tion of theplaneasusedin hyperbolicmapswithout suffering
from the computationaloadtypically associatedavith thelat-
ter. Owing to spatial constraints the visualizationdepthis
confinedto five levels of the hierarchywith nodesof the low-
estlevel representingitherdocument®r subclustersDiffer-
entcoloursfacilitatevisualdiscriminationbetweerindividual
documentsand clusters. Next to eachlowestlevel nodeis
printedthe mostfrequentkeyword of the subclustefor docu-
ment). This forms a key componenbf the DendroMap asit
givestheuserthe cuesneededor navigatingthroughthetree.
Astheusemovesthemousepointeroveraninternalnode the
colour of internalnodesandbrancheof the associatedub-
clusterchangecolour from light blue to dark blue while the
leafnodes(i.e. documentepresentationgyrn brightred. As
in theSammorMap, atool-tip window providesadditionalin-
formationaboutthe clusterandcanbe usedto displayatable
with alist of keywordsassociateavith the cluster The user
may performdrill-down on ary internalnode. The selected
nodewill asaresultreplacethe currentroot nodeat the cen-
terandthe entiredisplayis re-omganizedaroundthe new root.
The multi-level approactof the DendroMap allows the user
to gaina quick overview over the documentollectionandto
identify promisingsubsets.

[ —

Figure 2. DendroMap: aplane-spanninginarytree.

4.3. Radial Interacti ve Visualization

Radial (Figure 3) is similar to VIBE [13], to Radviz[12]
andto Lyberworld [11]. Radviz placesthe keyword nodes
roundacircleasdimensionahnchorandthedocumennodes
occurin the middle asif suspendedy springsconnecting
themto keyword nodes.The greaterthe content,the stronger
the springs’ effect on the document location. Hence,we
make direct use of the representatiommatrix u without ex-
plicit clustering. Radial addsa level of userinteractionto
the metaphorintroducedby Rad\Viz and VIBE. Building on
VIBE, Lyberworld takesa similar ideainto threedimensions.
In Lyberworld vectoradditionis usedto positionthe docu-
mentsnodeswithin arelevancesphee. Thedocuments key-
word contentcreatesa vector betweenthe centreaxis of the
sphereandthe position of that keyword on the spheres sur
face.Theradiusof the spheres definedby the rangeof pos-
siblevectorlengths. In Lyberworld the relevancespherecan
be rotatedso thatthe 2D computerdisplay cangive more of
a clue asto the 3D location of the documentnoderelative
to the keyword nodes. Also the relative attractvenessof the
keyword nodescanbe enhancedo pull relateddocumentso-
wardsthem. Radial, stayingwith only two dimensionsdis-
penseswith someof the perceptualcompleity implicit in
renderinga three dimensionalmodel on a two dimensional
screen.

Radialalsouseghestatisticallycollectedkeywordsto dif-
ferentiatethe documentsinitially, thetwelve highestranking
keywords are displayedin a circle. Any documentsn the
searchsetthatcontainthosekeywordsareplacedusinga sim-
ilar vectorsumwithin thecircle. As themousepassesverthe
documennhodes abubbledisplaysa descriptie pieceof text
from the document. The dimensionsof the circle are more
arbitrarythanin Lyberworld andif the display were simply
basedon a flat sum of vectorsit would be possiblefor the
documentnodesto be outsidethe circle. However we have
constrainedheir positionsby projectingthe radial locations



Plainvis | RadialVis | SamonVis | Dendrovis

CiShow Grid [ Show Rin

Fiprojection [ Lock Radius

Figure 3. Radialvisualization: manualclusteringcan be
achievedby alteringthe positionof the keyword nodes.

throughthe arc-tangentunction, with the resultthatthe doc-
umentscannotbe movedoutsideof thecircle.

Dimensionalityreductionhasthe effect that locationsof
documennodeshecomembiguousTheremaybemary rea-
sonsfor a nodeto have a particularposition. To mitigatethis
ambiguityin Radialthe usercanclick on a documentnode,
andthe keyword nodesthat affect the location of document
are highlighted. We believe that this is a novel and useful
feature. Cluesto the effectsof differentdimensionsarealso
givenwhena keyword nodeis selectedwith the mouse:the
documennodeswhich containthatkeyword are highlighted.
Similarly to Lyberworld the vectoreffect of a particularkey-
word nodeonthedocumentsetcanbeenhancedHowever, in
Radialit is achieved by grabbingthe keyword nodewith the
mouseand moving it away from the edgeof the circle: All
documentghatcontainthis keyword follow the movementof
the keyword, accordingly Manualclusteringcanbe effected
by placing several keyword nodestogether Alternatively, a
buttonallows the displayedkeyword arrangemento be auto-
matically clusteredusingthe columnsof the matrix u.

The choice of keywords usedin the display can be en-
hancedandreducedy clicking on two visible lists of words.
Zoombuttonsallow thedegreeof projectionto beincreasear
reducedsoasto distinguishbetweerdocumennodesaround
theedge=of thedisplayor atthe centre.

The Radialvisualizationappeardo be a goodinteractive
tool to structurethe documentset accordingto one’s own
preferencedy shifting keywordsaroundin the display The
shortcomingof the Radialvisualizationis thatit canonly say
somethingaboutthe documentsn the resultsetthat contain
the particularsetof keywords,andincreasingthe numberof
keywordseventually makesthe the whole display very diffi-
culttointerpret. Thisis wheretheclusterbasedsisualizations
(DendroandSammonMap) prove their merits.

4.4. Unified Approach

The applicationasa whole offersthe possibility of brows-
ing the sameresultsetin several differentways simultane-
ously The clusterbasedvisualizationggive a broaderoverall
pictureof theresult,while the Radialvisualizationallows the
userto focuson subset®f keywords.Also, astheclustersare
approximationghat bring to the fore particularkeywords, it
may be usefulto returnto the Radialvisualizationandexam-
inetheeffect of thesekeywordsuponthewholedocumentet.
The Radialvisualizationwill perhapshe morefruitful if the
initial keywordsmatchthe users areaof interest. The Sam-
mon Map will let the userdissectsearchsetsand re-cluster
subsetsgraduallyhomingin on tamget sets. Again the user
mayhave recourseo the Radialvisualizationandapplythose
keywordsto the whole resultset. In the end, he or shewill
needto readonly a smallfraction of theretrieveddocuments.
The clusterbasedvisualizationsgive a visual analogyof the
structuremplicit in thelibrary classificatiorschemeTheRa-
dial visualizationthrows up the effectsof keywordsthatcause
crossreferencedbetweendocumentsand allows the userto
skim betweersubjectareas.

5. Evaluation

The literature of information visualization is still one
mainly of constructionnot of evaluation(notableexceptions
are[28, 23]. Ourevaluationis athreelevel approachForlevel
one, we performedexperimentsto assesshe quality of the
clusteringprocesshasedon human-epert data, ie, the abil-
ity to separateelevantdocumentdrom irrelevantdocuments
[19]. We usedthe 1997-1998sub-collectionof the TREC
datawith 528,155documents,100 queriesand correspond-
ing relevanceassessmentsWe posedthe questionwhether
theclustersgeneratedby our clusteringalgorithmshada high
or low concentratiorof relevantdocuments.The resultsadd
further evidencefor the validity of the ClusteringHypothe-
sis [27] for post-retriwal documentsetsand for the use of
low-dimensionaocumentepresentationgsingthekeyword
computatiordiscussedh Section?. Thisstudygavethegreen
light for developing designsfor clustervisualizations. For
level two, in the proces®f developingthis software,we were
ableto getinvaluablefeedbackfrom students.The applica-
tion waspostedon the web andwe asled a groupof usersto
completea pre-usequestionnaireWe aslkedthemto usespe-
cific visualizationinterfacesto executea collectionof pre-set
guerieghatweresuficiently obscurdor theanswersotto be
known beforehandandyet to be in the datasetsomavhere.
Next, we asled the usersto apply the systemto queriesof
their own choiceand, finally, we asked themto completea
post-usequestionnairghat containednarrov questionsabout
theapplicationandplacefor generacommentsThis second-
level evaluationsenedto refinethedesignof thevisualization
interfaces.

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



6. Conclusions

Ourwork hascontributedto thevisualizationandbrowsing
of thesetof documenteturnedby asearctenginein anumber
of ways. 1) We canidentify relevantfeaturesf thisdocument
set: the keywords. Theseareusedfor dimensionalityreduc-
tion andimproved clustering,clusterlabelling, queryrefine-
mentandyvisualization.2) Using Sammons algorithmwe are
ableto createa settingwith aholistic view giving primarily in-
formationaboutafirst-orderclusterstructureandinter-cluster
relations.The main purposes to quickly weedout irrelevant
clustersanddrill downin oneor morerelevantclusters.3) The
distortedbinarytreeasusedin our DendroMap implementa-
tion allows usto visualizeseveral levels of the clusterhierar
chy andthusaidsthe userin quickly narroving down heror
hissearchto asmallsubsebf documents4) A keyword clus-
teringwith the Radialvisualizationgivesriseto anothemovel
documentclusteringapproachone wherethe usercan con-
trol the building of groupsby interactizely moving keywords,
makingit particularlyusefulfor anexperimentaluserdriven
approacho form clusters.
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