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Abstract

Gambalis an information retrieval system
for indexing andaccessingweb pagesthat
includesgraphical interfacesto easeweb
pagesearchand accessing. In particular,
the interfacesprovide the user with tools
for navigating throughhierarchiesof doc-
umentsand visualize selecteddocuments
and similar ones. Here, similarity is ei-
ther basedon Wordnet 1.7 or Latent Se-
manticsAnalysis. Graphicalinterfacesin-
clude both HierarchicalSphericalCluster-
ing (HSC)andHierarchicalSelfOrganizing
Maps(HSOM).

In this work we introducethe useof fuzzy
clusteringfor indexing in theHSCinterface.

Keywords: Informationretrieval, Cluster-
ing, Webpages.

1 Intr oduction

The huge amount of textual information available
nowadayscausesan informationoverloadthathasto
be dealtwith appropriatetools andsystems.To face
this problem,�ltering tools, information fusion and
knowledgeintegrationmethodsandvisualizationsys-
temsaredeveloped.

Clusteringtechniqueshave beenproved to be a use-
ful tool for extractingsomeknowledgefrom thedata
(in termsof structuresrelatingthedata)andcombined
with appropriatevisualizationtoolspermittheuserto
navigate throughthe data. Among existing cluster-
ing tools,hierarchicalclusteringmethodsseemto be
appropriatetools when the amountof data is large.

This is so becausethey permit to establishrelations
betweendataatseverallevelsandbecausedatacanbe
observed at several levelsof details(datais observed
at differentgranularities).

Webpagesor HTML documentsand,in general,any
kind of textual documentsde�ne a �eld where all
thesetoolsarerequired.This is sobecauseuserscan-
not dealwith the hugeamountof text usuallyavail-
ableoveraparticulartopic. Therefore,toolsfor docu-
mentclusteringandstructuringpermitto haveabetter
understandingof thedocumentsavailable.Moreover,
clusteringmethodsarealsoappropriatefor helpingon
theprocessof documentretrieval.

In this work we introducea fuzzy clusteringmethod
for our Gambalsystem. Gambalsystemis an inter-
active environmentfor informationretrieval thatclus-
tersandvisualizessetsof documents(eitherdirectly
retrieved from thewebor suppliedby Googleaftera
particularsearch).

Thestructureof this documentis asfollows. In Sec-
tion 2 we give an overview of the Gambalsystem.
Then, in Section3 we describethe useof the fuzzy
clusteringin our system. Finally, Section4 �nishes
with theconclusions.

2 The Gambal System

Gambalis a systemfor clusteringand visualization
of html documents.Thesystemencompassesseveral
tools.Someof themaredescribedbelow asseparated
entities.

Crawling the web: Two alternative mechanisms
can be used. One mechanismconsists on
gatheringwebHTML documentsfrom aninitial



�le of URL and then extending the searchto
pointersin thecorrespondingdocumentsandso
on. The secondone consistsin accessingweb
pagesretrievedby Googlefor aquery.

For each retrieved HTML document,the lan-
guageusedis determinedandwordsareprepro-
cessedaccordingly(stopwordsareremovedand
astemmingalgorithmis applied).

Document representation: All documentsof inter-
est are transformedinto a uni�ed vector repre-
sentation.At this point non-relevant words(fre-
quency under a given threshold)are removed.
The normalizedfrequency (TF) andthe inverse
documentfrequency (TFIDF) can be used(see
e.g. [1] for details).Additionally, inverseindices
arebuilt.

Similarity computation: Threealternativewaysare
consideredfor computing similarity between
documents.The�rst oneconsistsonthecompar-
isonof thelexical elementsin thetwo documents
(dueto the internalvectorial representationthis
is just a element-wisecomparison).In this case,
euclideandistanceis used.Thesecondonecom-
pareswordsusinga dictionary(Wordnet1.7 [9]
[3]). The third onecompareswordstaking into
accountlatentsemanticsanalysis[10]. It hasto
besaidthat theLSA decompositionis restricted
to the available web pagesinsteadof consider-
ing a large corpusof documentsas in [10] and
relatedworks.

Clustering and/or visualization: Three visualiza-
tion methodshave beenimplemented: (i) Hi-
erarchicalSphericalClustering(HSC); (ii) Self-
OrganizingMaps(SOM); (iii) HierarchicalSelf-
OrganizingMaps(HSOM). HSC is basedon c-
meanson a Sammon's map(a methodfor multi-
dimensionalscaling).

Visualizationtoolspermitsto navigateon thehi-
erarchy, changethe level of detailandclick and
displayparticulardocuments.Documentssimi-
lar to theoneclickedarealsolinked.

Figure1 givesa snapshotof theGambalsystem.On
the left handside,the �gure shows a particularlayer
of the HSC (with a representationof the documents)
anda list with theselecteddocumenttogetherwith a

Figure 1: The Gambalsystemfor information re-
trieval andwebclustering

list of similar ones.On theright handside,the�gure
includesaselectedwebpagefrom thelist.

3 Fuzzyclustering for indexing

The initial approachon the HSC interface, as de-
scribedin [8], was to build a dendrogram(a hier-
archy) of multidimensionaldataon the surfaceof a
setof concentricspheres.In this formulation,the in-
nerspherecorrespondsto theroot of thedendrogram
(whereall the datais gatheredtogether),thenin the
�rst sphere,we have a �rst partitionof theelements,
andthenin subsequentsphereswe have morere�ne-
mentsof thepartitions.In this way, themostexternal
sphere,if generated,would correspondto the leaves
of the dendrogram(i.e., singledocument),asat this
point eachdocument(or informationdatum)de�nes
a partition element(cluster). In fact, our currentim-
plementationstopsthe splitting of the clusterswhen
clustershaslessthan10 elements.This is sobecause
thegranularityis enoughfor accessingthedocuments
andthe graphicalrepresentationof the documentsis
better.

For building the�rst level, datais assignedonthesur-
faceof thesphereusinga Sammon's mapso that the
distancebetweenany pair of elementsin theoriginal
large dimensionalspaceis similar to the oneon the
spheresurface.Then,thesurfaceis triangularized(de-
composedon a setof non-overlappingtriangles).To
build thehierarchyof spheres,all trianglesin a given
level aresplittedinto threeothertrianglesin thenext
stage.

This approachseemsappropriatewhen the number
of elementsis of reasonablesizeandwhenthe doc-
umentsor informationlevels satisfysomeproperties



abouttheir distribution in the space.Otherwise,the
visualizationof theclustersis not easyandtheSam-
mon's mapdoesnot give a goodperformance.From
our point of view this latter inconvenienceis dueto
the fact that thereis much dimensionalityreduction
andthereis at the sametime too muchdatato con-
sider.

This analysisis supportedby our experimentscom-
putedfor theAbalonedata�le (4177examplesand8
variables)from theUCI repository[6]. In this study,
weconsideredthreescenarios:

Applicationof Sammon's mapto thewholedataset.
Initial positionof thedataselectedat random.

Application of Sammon's map to the centroidsob-
tainedby meansof a fuzzy clusteringtechnique
(clusteringappliedto the whole dataset). The
fuzzyclusteringusedwasfuzzyc-means.

Applicationof Sammon's mapto thewholedataset.
Initial positionof thedataaccordingto thecen-
troidsof theclusters(usingtheresultsof thepre-
vious scenario). This is, the position of an el-
ementis suchthat the distanceto the centroids
is proportionalto the membershipto the corre-
spondingcluster.

Figure2: OriginalSammon'smap(Abalonedata�le).

Figure2, Figure3 andFigure4 displaytheresultsob-
tainedusing the threescenariosdescribedabove. It

Figure3: Sammon's mapof FCM centroids

canbe seenthat the Sammon's mapcomputedusing
the centroidsis similar to the Sammon's map com-
putedusingrandompositions.The �gures alsoshow
that theSammon's mappermit to extractsomestruc-
turebut it is dif�cult to visualizethedataaspointsare
too near. Figure3, thatrepresentstheSammon's map
of the centroidsof fuzzy c-meansusing20 clusters,
permitsto accessthedatain aneasiermanner.

To solve theseproblems,we proposeherean alter-
native approachbasedon fuzzy clustering. The ap-
proachis to visualizeat eachlevel only thecentroids
of the clustersand, thus, only computingthe Sam-
mon's mapfor someof thecentroids.In this way, the
Sammon's map is much more accuratefor the cen-
troids. Then, in subsequentlevels of the hierarchy,
oneof theclustersis re�ned (datais analyzedin other
granularitylevels),but theinitial positionof theclus-
ters is usedto computethe positionof the new ele-
ments.

Theproposedmechanismis asfollows:

Step 1: Apply fuzzy clusteringto the completeset
of documentsandobtainfor eachclustera cen-
troid. At this time we useanheuristicapproach
for selectingandappropriatenumberof clusters.

Step 2: Representthecentroidson thesphereusing
Sammon's mapping.

Step 3: For aselectedcluster, applyfuzzyclustering



Figure4: Sammon's mapfrom fuzzyc-means.

to its data.Althoughfuzzy c-meanscanbeused
at this point, clusteringmethodsconsideringel-
ementimportance[4] areappropriate.Note that
elementswith a small membershipshouldhave
lessin�uenceonthe�nal partitionthanelements
with a largemembership.

Step 4: Computefor all new centroidstheir mem-
bershipto the initial clusters. Use thesemem-
bershipsto locatethe new centroidson the sur-
faceof the sphere. Note that for doing so, we
needthatthefuzzyclusteringalgorithmdoesnot
only computethe fuzzy partition but also per-
mitsto computemembershipvaluesfor any arbi-
trary datapoint. Fuzzyc-means(amongothers,
e.g. entropy basedfuzzy c-means)permitsthis.
See[5] or [2] for details.

Naturally, this procedurereducesthe numberof dis-
played information, and, therefore,it is possibleto
displaymuch larger datasets. Additionally, this in-
tegrateswell with the systemdescribedin Section2
becausefor eachclusterwe only displayonepointon
thesurfaceof thespherebut ontheotherhand,select-
ing thispointwecanmoveto amoredetailedlevel or
we canlist themostrelevant setof documents.Here
we understandtherelevancein termsof thesimilarity
to the centroidandnote that this correspondsto the
membershipto centroids'set.

4 Conclusionsand futur e work

At presentwe have consideredfor experimentation
datafrom the UCI repositoryandsmall setsof web
pages.The largestdataset(with respectthenumber
of records)was the Abalonedata�le from the UCI
repository. It containsabout4000 records. Future
work includesworkingwith largerdatasets.

Additionally, at presentwe only highlight thosedoc-
umentsthat arenearthe centroids. Thus, implicitly,
thesedocumentsaretheonly onesconsideredasrele-
vant by our system.Althoughthis canbeappropriate
in somecasesto avoid informationoverload,in some
applications,for examplewhensur�ng on theweb,it
is also importantto detectelementswith potentially
relevant characteristicseven thoughthesedocuments
arenot in a centralpositionwith respectto any clus-
ter. At this point thereexists,chances[7] for improv-
ing thesystem.To highlight suchelements,we need
to developmethodsthatanalysethedatain morede-
tail andcompareisolateddatawith neighbouringone
andnearbyclustercentroids. This would permit the
detectionof documentswith novel or complementary
approaches.
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