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Abstract

This paperpresentsa scalablearchitecturefor a multi searchenginefor webdocu-
mentswith multiple clusteralgorithms(MSEEC[12]). Queryingsearchenginesin the
webmayresultin anoverwhelmingamountof matchingdocuments.Clusteringtech-
niquesareusedto find a setof similar documentswhich arepresentedusinga suitable
clustertitle. Thescalableandmodulararchitectureof MSEEC allows to processinfor-
mationwith multiple clusteralgorithmsto presentalternative clustersandthe related
clustertitle to theuser. This paperpresentsaswell a novel clusteringtechniquethat is
basedon theLZW compressionmethod.

1 Intr oduction

A prerequisitefor the reuseof knowledgeis accessibility. In orderto profit from previous
work it is necessaryto accessandcontribute documentscontainingthe knowledge. Open
protocolssuchasusedin the web canprovide an infrastructurefor informationexchange
over heterogenoussystems.Thewebtechnologiesaresuitableto build distributedinforma-
tion andauthoringsystemswherepeopleareableto searchandretrieve digital documents.
Thereis alreadyahugeamountof informationcontainedin digital librariesandtheweband
thusno databasecanstoreall information.Searchingin multiple databasescanincreasethe
informationcoverage.However, finding theright informationin thesometimesoverwhelm-
ing amountof searchresultsis achallenge.

This paperpresentsMSEEC, a novel a multi searchenginefor webdocumentswhich is
ableto providetheuserasynopsisof thematchingdocumentsby applyingclusteralgorithms
onthesearchresults.In Section2 wedescribeapproachesfor finding informationin theweb
includingmulti searchengines,cataloguesandclusteringtechniques.Wegive in thissection
ashortoverview of relatedwork onclusteringof webdocumentsaswell. Section3 describes
thearchitectureof MSEEC andintroducestherequiredterminology. Theclusterprocessing
environmentof MSEEC usedto condenseinformationis describedin Section3.2.Optionally
�
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linguistic processing(Section3.2.1)canbe usedto filter and transformthe input datafor
the clusteralgorithms. Section3.2.2 introducesa modifiedversionof the themedetection
method[4], Section3.2.3presentsthenovel phrasedetectionmethod. Thegenerationof the
clustertreesis describedin Section3.2.4. Section4 givesa summaryandpresentssome
ideasfor futuredevelopments.

2 Web basedSearch and Retrieval of Digital Documents

Generallythefollowing approachescanbeusedto find informationin theweb:

(a) Brute force search (no guidance):Primarysearchenginescanbe usedto searchfor
web documentscontaininga certainqueryterm. A webrobot automaticallycollects
(new or modified)webdocumentswhichareusedto build anindex. Thesearchengine
providesan interfaceto acceptqueriesandusesthe index to generatea list of refer-
encesto thedocumentscontainingthesearchterm. However, LawrenceandGiles[8]
arguethatcurrentlynoprimarysearchengineindexesmorethanaboutonethird of the
indexableweb.

(b) Useof additionalinformationto guidesearch: Webcataloguesaremanuallygenerated
hierarchiesof web information. A webcatalogueprovidesaccessto documentsthat
arecategorisedby humans(seee.g.[17]) suchthatsimilardocumentscanbefoundat
a commonplace.Brin andPage[3] arguethathumanmaintainedwebcataloguescan
cover populartopicseffectively but aresubjective, expensive to build andmaintain,
slow to improve,andcannotcover all esoterictopics.

Metainformationassignedto webdocumentscanbeusedto guidethesearchby prop-
erly classifyingandstructuringthe information(e.g.RDF [7] or PICS[13]). Meta
information basedon RDF can be used[7] in resourcediscovery to provide better
searchenginecapabilities,in cataloguingfor describingthe contentandcontentre-
lationshipsavailable at a particularweb site, page,or digital library, by intelligent
softwareagentsto facilitateknowledgesharingandexchange,in contentrating etc.
However, Marchiori [11] arguesthat it will take sometime beforea reasonablenum-
ber of peoplestartusingmetainformationto provide a betterweb classificationand
thatcurrentlyno onecanguaranteethata majority of thewebdocumentswill beever
properlyclassifiedvia metainformation.

(c) Onthefly structuringof resultsof (a) or (b) to improveaccessibility:Theresultsfrom
(a)or (b) canbeahugeamountof matchingdocumentsthatcanoverwhelmtheuser´s
cognitive abilities. Groupingdocumentsbasedon similarity measurescould help to
condenseinformation by presentingonly a symbol for a set of similar documents.
A usercan selecta set of similar documentsby meansof the symbolsfor further
processing.Clustering(see2.2) canbeusedto find a setof similar documentsanda
suitablesymbol(clustertitle) for thedocumentset.

2.1 Multi Search Engines

A secondarysearch engineusestheresultsof a primarysearchengine.A secondarysearch
engineusesmuchlessresourcesby usingthealreadyexistingindex of theprimarysearchen-
gine(e.g.bandwidth,diskstorageandcomputationalpower to build anindex is notneeded).

2



Lawrenceand Giles [8] further argue that combiningthe resultsof multiple primary
searchenginescansignificantlyincreasecoverage.A secondarysearchengineusingmul-
tiple primarysearchengines(calledmulti search engine) warrantstheutilisationof thedis-
junct informationcoveredby primarysearchengines.Furthermoreit is possibleto usemulti
searchenginesin sucha mannerthatoneprimarysearchengine’s advantagecanovercome
a disadvantageof anotherprimary searchengine(e.g. the primary searchenginewith the
mostrecentpagesmaynotbethemostcomprehensive). Moreoveramulti searchenginecan
provide anuniqueinterfaceto differentdatabases[14]. Thusit is possibleto queryprimary
searchenginesandarbitrarydatabases(e.g.specialpurposedatabases)with thesamequery
term (Note: from a point of view of an enterprisethecombinationof internalandexternal
informationcanbeprovided).

A multi searchengineshouldsupportfollowing requirements.A usershouldnot need
to know specificproperties(suchasquerysyntax)of theprimarysearchengines.Thequery
term formulatedby a userautomaticallyhasto be modifiedto be suitablefor eachrelated
primarysearchengine.Thebasiclogicaloperators(e.g.AND, OR) shouldbesupportedby the
queryinterface.Theelapsedtimefor queryingprimarysearchenginesshouldbeminimised.
The resultsreturnedby the primary searchenginesshouldbe merged and presentedin a
uniqueformatandduplicateentitiesshouldberemoved.Thesecondarysearchengineshould
beableto detectmodificationsof thequeryor resultsyntaxof a primarysearchengineand
shouldeitheradaptitself or provide aneasyinterfacefor theadoptionto reducethecostof
maintenance.The architectureof a multi searchengineshouldscaleto provide addingor
deletingof primarysearchengines.

2.2 Clustering of Search Results

Clusteringis theprocessof groupingdistinctentitiesbasedon similarities. Similar entities
arejoinedto clusterswhicharejoinedwith otherentitiesor clusters.Theresultof thecluster
processingareclustertrees. Therearevariuouscriteria andmeasuresthat canbe usedto
computethesimilaritiesbetweenentities. This sectiondiscussesclustercriteriawhich can
beusedto clusterwebdocuments.

� URLasclustercriterion: An URL (UniqueResourceLocator)[1] is usedto reference
webobjects.UsinganURL asaclustercriterionis basedontheideathatURLswhich
partiallymatchagainsteachotherreferto similarcontent.It is aspatialcriterionspec-
ifying thelocality of awebserverandfurthera locality of a resourcein awebserver’s
informationspace.Resourceswith spatialclosenesscanbeconsideredcontainingsim-
ilar information.Thedomainname(a partof theURL) canbeconsideredasanatural
cluster. The top-level domainname(e.g..de) canbe usedsometimesasan indicator
for thelanguageof thedocument.

� Link structure asclustercriterion: Webdocumentscontainreferences(links) to other
(partsof) web documents.Theselinks point to relatedinformation that the author
consideredasrelevantfor thedocument.Usingthelink structureasa clustercriterion
isbasedontheideathatdocumentsreferringeachother(evenoveralink chain)contain
similar information(seefor example[2, 15]). The quality of this clustercriterion is
potentiallyhigh if thelinks areassignedby a human.Anotherusefor exploiting link
informationis describedin [10] wherethematchof a documentis determinedby the
contentof thedocumentitself but alsoby thecontentsof the documentsthat canbe
reachedvia links (whichobtainlower weight).
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� Recurringtext patternsas clustercriterion: Using text patternsas clustercriterion
is basedon the ideathata setof webdocumentscontainingsimilar informationalso
containrecurringtext patterns(seefor example[4]) or phrases.

In this paperwe are investigatingon the searchof web documentsandwe usethe output
of theprimarysearchenginesfor clustering.This outputcontainstypically a few piecesof
thetext from theoriginal documentthatwe usefor clustering.Thereforewe concentrateon
the algorithmsbasedon text patternsandpresenta modifiedversionof a themedetection
method(Section3.2.2)anda novel methodfor phrasedetection(Section3.2.3). In general
otherclusteralgorithmscouldbeaddedto oursystemaswell thatprovidedifferentmeasures
of similarity.

3 A Multi Search Enginewith Multiple Cluster Algorithms

MSEEC [12] is a novel multi searchenginefor web documentswith postprocessingcapa-
bilities to mergeandcondenseinformationin the form of clustertrees.Thecurrentimple-
mentationcontainstwo clusteralgorithms,but canbeextendedwith otherclusteralgorithms
in aflexible way. Most processingstepsof MSEEC canbecontrolledthroughparameters.A
usercanswitch on or off the useof a certainprimary searchengineor a clusteralgorithm
dynamically.

3.1 Ar chitecture of MSEEC

Thequeryinterfaceof MSEEC (seeFigure1) acceptsa queryconsistingof a queryterm(a
searchstring with booleanoperators),parametersfor the multi searchengine(selectionof
primarysearchengines,numberof solutions),andvariousparameterscontrollingthecluster
generation.Theseparametersareusedfor examplein thelinguisticprocessingof theresults,
for selectingandcontrollingof theclusteralgorithms.

To simplify thequeryformulationwe provide asimpleuserinterfacefor thecasualuser
or anadvancedinterfacewhereall parametersareavailableto a sophisticateduser. Figure2
shows in thetopsectionauserinterfacefor thecasualuser.

Beforethetransmissionof thequeryit is modifiedto besuitablefor thespecificprimary
searchengine.Theprimarysearchenginesarequeriedin parallel.Theresultsof theprimary
searchenginesarecollectedandnormalisedto generatea raw documentdescriptorfor each
webdocument.A raw documentdescriptoris atuplecontainingtheobtainedinformationfor
eachdocument.It containsthereferenceto thefull document(URL [1]), thetitle anda text
descriptionof thedocument(leadingtext fragment)andsomeothercontextual information
suchasthenameof theprimarysearchengineetc. It is importantto notethatall attributes
of thedocumentdescriptormustbereturnedby every selectedsearchengine.

Theraw documentdescriptorsarepassedto theclusterprocessingenvironmentwhich is
describedbelow in moredetail. In shortit performssomelinguistic processingon the raw
documentdescriptorsandinvokestheselectedclusteralgorithmsthatgenerateasaresultthe
clustertrees.

Figure 2 shows an exampleof a generatedclustertree. Eachnodeof the tree repre-
sentsthesubsumeddocuments.The nodesarelabelledwith theclustertitles generatedby
theclusteralgorithmsandareimplementedasa hypertext link to thecontaineddocuments.
Whensuchalink is activatedtheclustercontentsarepresentedin theright half of thedisplay
(seeFigure2). Every documentedis presentedbasedon informationof the raw document
descriptor.
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Figure1: Architectureof MSEEC

3.2 The Cluster ProcessingEnvir onment

The clusterprocessingenvironmentof MSEEC consistsof two major components,(a) the
linguistic processingcomponentand(b) theclusteralgorithms. Both of thesecomponents
canbe controlledby the parameterssuppliedthroughthe query, suchthat – for example–
the linguistic processingcanbeperformedin a differentway (e.g.for a differentlanguage)
or turnedoff.

The input of the clusterprocessingcomponentof MSEEC arethenormalisedraw doc-
umentdescriptorsreturnedfrom the multi searchengine. Thesedocumentdescriptorsare
passedto thelinguistic processingcomponentthat returnstheprocesseddocumentdescrip-
tors. Theseare againthe input of the clusteralgorithms. The clusteringenvironmentof
MSEEC allows severalclusteralgorithmsto beused.In our currentimplementationwe use
amodifiedversionof thethemedetectionmethod(seeSection3.2.2)andanewly developed
methodfor phrasedetection(seeSection3.2.3).

3.2.1 Linguistic Processingof DocumentDescriptors

For informationretrieval linguisticprocessingof thequeryor of text descriptorsis animpor-
tantstepto improve thequeryresults.Themostimportantformsof linguisticprocessingare
stemming,theeliminationof non-wordsandexplicit treatmentof wordsenses.

Stemming[5] is usedto reducevariantword forms to commonrootswhich represent
a muchsmallervocabulary. The reductionto the reducedvocabulary improves the ability
of the systemto matchthe query and the documentvocabulary. A stemmingalgorithm
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Figure2: WebbasedPresentationof CondensedInformation

processesawordandcomputesfrom theword thecommonroot typically by removing word
affixes(pre-or suffixes)usingtablesof commonparticlesandsomeheuristics.Examplesfor
stemmingtransformationsarewords� word, policies� policy, or presented� present.Note
thatthestemmingalgorithmsandheuristicsarelanguagedependent.Thenumberof possible
wordformsfor Englisharefor examplemuchlessthanthesefor Germanor evenHungarian.

Anothersimpleapproachto reducethevocabulary andto detectmeaningfulwordsis the
eliminationof non-wordsandwordswith very low semanticcontent.Thesewords(suchas
articlesor pronouns)occurvery likely in aboutevery document,which make it badcandi-
datesfor searchtermsandaswordscharacterisingthedocuments’content(which is impor-
tant for clustering).A list of non-wordsfor every supportedlanguagescanbeeasilykept in
a table,which canbeusedto eliminatethesewordsfrom thedocumentdescriptor. However
if thesearchtermcontainssolelynon-words(asfor examplein thesearchfor thepopgroup
“the who”) thiseliminationmustbeomitted.

Another importantareaof linguistic processingin informationretrieval is the multiple
word sensesand the treatmentof synonyms. The disambiguationof word sensescan be
usedto differentiatebetweenthevariousmeaningsof a word andcanreducethenumberof
relevantmatches[6] but requiresasignificantdegreeof text understanding.Thetreatmentof
synonymsandhomonymscanbeusedto increasethenumberof matches.

Thecurrentimplementationof MSEEC supportsword stemmingandnon-word elimina-
tion. As notedabove linguistic processingis languagedependent.Thereforethe linguistic
processingcomponenthasto obtainaparameterto selectthelanguage.MSEEC useslinguis-
tic processingonly on thedocumentdescriptorsandnoton thequeryterm.

3.2.2 Clustering basedon the Modified ThemeDetectionMethod

The themedetectionmethod[4] is basedon theideato find a recurringtext pattern(calleda
theme) in acollectionof texts. A themeconsistsof oneor moresignificantwordsdescribing
thecontentof a text. Weimplementedamodifiedversionof thethemedetectionmethodthat
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differsfrom theoriginalby (a)separatingthelinguisticprocessingfrom thethemedetection
methodandby (b) generatingmultiple themesusedfor clustertitles ratherthanproducinga
singlethemethatcharacterisesadocument(or asetof documents)best.

For eachprocesseddocumentdescriptora reduceddocumentdescriptors is generated.In
afirst step,for eachwordcontainedin adocumentdescriptortherankingis determined.The
rankingis thefrequency of its occurrencein all documentdescriptorsoptionallyweightedby
theorigin of theword. A word from the title is assumedto bemoreimportantthana word
from thedocumentbodyandis morelikely to bekept in the reduceddocumentdescriptor.
Fromthis word list all wordscontainedlessfrequentlythana thresholdareremoved,since
they do notcontribute to clustering.

In thenext step,thetext in thedocumentdescriptoris reducedby keepingonly thewords
with thehighestrankingsfrom theword list (boundedto a maximumnumberperdocument
descriptor).Theresultis calledthereduceddocumentdescriptor. Figure3showsasimplified
exampleof agenerationof a reduceddocumentdescriptorwith 5 astherankingthreshold.

Linguistically Processed
Document Descriptor D

Linguistically Processed
Document Descriptor E

html (7) content

rdf xml

html (8)
structure
content
rdf

The <B>HTML</B> structure ...
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... <A HREF="...">RDF</A> ...

Therefore HTML is ...

The syntax of HTML ...

Linguistically Processed
Document Descriptor C

html (4) structure
content
xml
rdf
syntax html (5)
html (6)

Linguistically Processed
Document Descriptor B

html (2)

structure

content

html (3)

Linguistically Processed
 Document Descriptor A

html (1) summary

content

structure structure

Reduced
Document Descriptor C

html (8)

structure (5)

content (5)

Row
Document Descriptor C

Linguistic Processing
Generation of Reduced
Document Descriptor C

Linguistic Processing

Linguistic Processing

Generation of Reduced
Document Descriptors

Generation of Reduced
Document Descriptors

Figure3: Examplefor theGenerationof aReducedDocumentDescriptor

The reduceddocumentdescriptorsarethe sourcefor the themedetecting.From every
reduceddocumentdescriptorthewordwith thehighestrankingis selectedandregardedasa
themecandidate.Then,it is checkedwhetherthethemecandidateis containedin morethan
onereduceddocumentdescriptor(valid themecandidate). If yes,theword with thesecond
highestrankingis addedto thethemeandbuilds a new themecandidate.If thetestfails the
themecandidateis droppedandthethemecandidatewithout thelastaddedword is kept.

This algorithmiteratesthroughall wordsof thereduceddocumentdescriptorandbuilds
asetof themes.For every themethelist of documentdescriptorsthatcontainsthethemeare
kept. Thecomputedthemescanbeusedasa clustertitles for thefinal stepof theclustering
algorithmwheretheclustertreeis built (seeSection3.2.4).

Thethemedetectionmodulecanbecontrolledby variousparametersby theuserto con-
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trol thethreshold,weightfactorsandanupperboundfor numberof computedthemes.

3.2.3 Clustering basedon the LZW -Method for PhraseDetection

Whereasthelastsectiondescribedthemedetection,we will describeherea novel approach
for phrasedetection. Like a theme, a phraseconsistsof termsthat occur in a text. The
identifiedphrasescanbe usedasclustertitles aswell. Contraryto a themethewordsin a
phrasemustoccurin thesameorderin proximity in thedocument.

The purposeof the phrasedetectionalgorithm is to identify similar or commonused
word phrasesin differentdocumentsthat canbe usedfor its characterisation.We propose
herea new methodfor phrasedetectionthat is basedon thewidely usedLZW compression
algorithm[9, 16]. Thiscompressionalgorithmidentifiesoftenoccurringpatternsin thedata
to encodethesepatternsin another, morecompressedform to save storage.We usedthis
methodin MSEEC not for compressionbut for the determinationof often recurringtext
patternin thedocumentdescriptors.

The LZW compressionalgorithmassuggestedby Lempel,Ziv, Welch [9, 16] is used
for datacompression.TheLZW algorithmadaptsdynamicallyto differentdataby building
anencodingtableduringa singlepassthroughthedata(insteadof usinga fixedpredefined
encodingtable). TheLZW compressionalgorithmtakesasinput a steamof data(e.g.8-bit
characters).Theoutputof thealgorithmis a streamof encodedandcompressedvalues( ���
tokens,dependingonsizeof encodingtable).To proceedall neededstepsaninternalstorage
buffer (ISB) is neededto keeptrackof a list on input tokens,aswell asafixedsizeencoding
table(ET) to encodethetokenlists.

Program Initialization
Setup a fixed size encoding table (ET)

(size is usually a xˆ2 size table with x = 10 or 16)
and predefine the first 255 values with the default ASCII char set

clear internal storage buffer (ISB)
while input stream not empty
do

read token (T) from input stream
if value of ISB appended by T not in ET then

encode ISB by using ET, and put this value to the output stream
store ISB appended by T in ET in the next empty place
ISB = T;

else
ISB = ISB appended by T;

done
encode ISB by using ET, and put this value to the out stream

The LZW compressionalgorithmhasseveral attributesthat make it very valuablefor
thephrasedetection:It detectsoften usedtoken phrasesautomatically, thephrasesareex-
tendedonthefly, thealgorithmneedsonly asinglepasswhichhastheadvantagesof runtime
efficiency andincrementality.

For phrasedetectionin documentswemodifiedtheLZW algorithmin variousrespects:

� Wordsasbasicunits: While theoriginal algorithmworkson charactersthemodified
versionworks on wordsasinput tokens. Thereforethe codingtableandthe coding
sequencearewordsandrecurringtext phrases.
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� Phraserating; In orderto identify themostcharacterisingphrasesof a documentwe
introduceda ratingwhich is basedon thefrequency of themultiplied by anadditional
weightfactorthatis influenceby thelocationof thewordphrase.For example,phrases
in thetitle of adocumentreceive higherweightsthanphrasesfrom otherparts.

� Enhancedencodingtable: It was necessaryto extend the encodingtable (ET) that
needsadditionalfields to keeptrackof the ratingof eachword phrase,aswell asthe
documentdescriptorof thedetectedwordphrase.

� Unboundedcoding table size: For the LZW compressionmethodthe first datahas
higherimpacton thestructureof thecodingtablethanlaterdatasincethecodingtable
hasboundedsize.We lifted this restrictionto achieve moresymmetryby allowing the
creationof phrasesfrom laterdocumentsaswell.

In orderto createthephrasesfor thedisseminationof thedocumentthephrasedetection
algorithmis appliedon all documentdescriptors.For every phrasethe a list of document
descriptorsis maintainedpointing to the documentdescriptorscontainingthe phrase. As
mentionedabovethephraseratingis updatedaftereachdetectedphrase.After theprocessing
of all documentdescriptorswe selectthephraseswith thehighestrankingsasclustertitle.

Fromourexperiencewith usersthephrasedetectionmethodreturnsmoreintuitiveresults
for theclustertitles thanthe themedetectionmethod.Onereasonis themorenaturalword
order. Thephrasedetectionmethodis alsofasterthanthe themedetectionmethod.On the
otherhandthethemedetectionmethodreturnsbetterresultsfor lessrelateddocumentswhere
thephrasedetectionmethodfails to detectinterestingcommonphrases.For examplefor the
texts “The Salisbury HouseHongKong” and“Hong Kong,TheSalisbury House”thephrase
detectionmethodis ableto detectthe phrases“Hong Kong” and“Salisbury House”but is
notableto connectthesephraseswhich is no problemfor thethemedetectionmethod.

3.2.4 Generationof Cluster Trees

Theoutputof thethemedetectionandthephrasedetectionmethodsarepassedto thesame
clustertreegenerationmodule.Thethemesandphrasesareusedasclustertitles anddeter-
mine solely the structuringof the clustertrees. Eachnodein a clustertreerepresentsthe
documentscontainedin thewholesubtree.In orderto keepthepresentationof theclusters
treesmall it is possibleto limit the numberof nodesin a tree(by merging clusterswith a
high similarity) andto limit thedepthof thetree(by merging clustersdeeperthana certain
depthin thetree).Theseparameterscanbecontrolledby theuserthoughqueryparameters.

The treegenerationtries to find for every groupof documentdescriptors(denotedby
the clustertitle) a parent(ancestor)nodethat is lessspecific,which meansthat it contains
a subsetof the wordsof the clustertitle. The algorithm startswith an arbitrary (e.g. the
longest)clustertitle 	�
 andeliminatesin step � theseclustertitles thatcontainwordsnot in
	�
 (seeFigure4). In step 
 thelongesttitles arekeptascandidatesfor theparentcluster, in
step � theclustertitle with themostdocumentdescriptorsis chosenastheparentcluster.

Thesethreestepsare performedfor every cluster title. If no parentclustercould be
determinedtheclustertitle is regardedasa root of a tree. Thereforethis algorithmresults
not in asinglebut multiple clustertrees(clusterforest).

The maximumdepthof a clustertreecanbe determinedby a queryparameter. If the
specifieddepthis exceedednodesfrom deepersubtreesare merged with the nodeat the
maximumdepth(seeFigure5).
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4 Conclusionand Futur e Work

This paperpresenteda scalablearchitectureusinga secondarysearchengineto querymul-
tiple informationservers.Theadditionallayer introducedby a secondarysearchenginecan
be usedto provide a uniquequeryandresult interfaceto multiple primary searchengines.
Thedesignof thesystemasathesecondarysearchenginereducesconsumptionof resources
by usingtheindex of primarysearchengine.Theuseof multipleprimarysearchengineshas
theadvantagethatit canresultin ahighercoverageof indexedwebdocumentsandallows to
selectfor certainqueriesdifferentsources.This enablesus for exampleto querydatabases
in anintranetandtheInternetwith asinglequery.

Queriesmay return excessive amountsof matchingdocumentsthat can overwhelma
user. We useclusteralgorithmsto give the usera bettersynopsisand someguidanceto
differntiatebetweenthematches.We introduceda modifiedversionof the themedetection
methodanda novel approachfor phrasedetectionwhich aresuitableto clusterthe results
returnedby asecondarysearchengine.Theclusteralgorithmsalsocanbecombinedin such
a mannerthat onealgorithm’s advantagescanovercomea disadvantageof anothercluster
algorithm.

Of coursethereare variousareaswherewe think we can improve the system. One
interestingareais to investmoreon theusersperceptionof theclusteralgorithms,to allow
theuserto navigatethroughtheinformationspacebasedonclusteralgorithmswith different
similarity measures.It shouldbe possibleto reachdifferenttypesof clustersthroughlinks
from theuserinterface.

Anotherareawith high potentialfor improvementsis the linguistic processing,which
is currently basedon simple heuristics. It appearsto be useful to provide the userwith
mechanismsfor specifyingadditionalnon-wordsthatshouldbeignoredfor aquery.

From our experienceswe would expect even betterresultsfrom the phrasedetection
algorithmby enhancingit to allow skippingof words.Thiscouldbeimplementedby chang-
ing the internalstoragebuffer to a stackof buffers. The depthof the stackwould directly
determinethemaximumwordskipdistance.

To reducethemaintenancework for themulti searchengineamoresophisticatedpattern
recognitionwouldbeof advantageto parsetheresultsof theprimarysearchengines.
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