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Abstract

This paperpresentsa scalablearchitecturdor a multi searchenginefor webdocu-
mentswith multiple clusteralgorithms(Mseec[12]). Queryingsearchenginesn the
web may resultin an overwhelmingamountof matchingdocuments Clusteringtech-
niguesareusedto find a setof similar documentsvhich arepresentedisinga suitable
clustertitle. The scalableandmodulararchitectureof M seec allows to processnfor-
mationwith multiple clusteralgorithmsto presentalternatie clustersandthe related
clustertitle to the user This paperpresentaswell a novel clusteringtechniquethatis
basednthelLZW compressiomethod.

1 Intr oduction

A prerequisitefor the reuseof knowledgeis accessibility In orderto profit from previous

work it is necessaryo accessand contritute documentsontainingthe knowledge. Open
protocolssuchasusedin the web can provide aninfrastructurefor information exchange
over heterogenousystems.The webtechnologiesresuitableto build distributedinforma-

tion andauthoringsystemswvherepeopleareableto searchandretrieve digital documents.
Thereis alreadya hugeamountof informationcontainedn digital librariesandtheweband

thusno databaseanstoreall information. Searchingn multiple databasesanincreasehe

informationcoverage . However, finding theright informationin the sometimeoverwhelm-

ing amountof searchresultsis achallenge.

This paperpresentdV SEeC, a novel a multi searchenginefor web documentsvhichis
ableto provide theuserasynopsiof thematchingdocumentdy applyingclusteralgorithms
onthesearclresults.In Section2 we describeapproachefor findinginformationin theweb
includingmulti searchenginesgcataloguesndclusteringtechniquesWe givein this section
ashortoverview of relatedwork on clusteringof webdocumentaswell. Section3 describes
the architectureof M seec andintroduceshe requiredterminology The clusterprocessing
ernvironmentof M seec usedto condensénformationis describedn Section3.2. Optionally
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linguistic processingSection3.2.1) can be usedto filter and transformthe input datafor

the clusteralgorithms. Section3.2.2 introducesa modified versionof the themedetection
method[4], Section3.2.3presentshe novel phrasedetectiormethod The generatiorof the
clustertreesis describedn Section3.2.4. Section4 gives a summaryand presentsome
ideasfor future developments.

2 WebbasedSearch and Retrieval of Digital Documents
Generallythefollowing approachesanbe usedto find informationin theweb:

(a) Bruteforce search (no guidance): Primary searchenginescanbe usedto searchfor
web documentgontaininga certainqueryterm. A web robot automaticallycollects
(new or modified)webdocumentsvhichareusedto build anindex. Thesearchengine
providesaninterfaceto acceptqueriesandusesthe index to generatea list of refer
encedo thedocumentgontainingthe searchterm. However, LawrenceandGiles[8]
amguethatcurrentlyno primarysearctengineindexesmorethanaboutonethird of the
indexableweh

(b) Useof additionalinformationto guideseach: Webcatalauesaremanuallygenerated
hierarchiesof webinformation. A web catalogueprovidesaccesgo documentghat
arecategorisedby humangseee.g.[17]) suchthatsimilar documentzanbefoundat
acommonplace.Brin andPage[3] aguethathumanmaintainedveb cataloguesan
cover populartopics effectively but are subjectve, expensve to build and maintain,
slow to improve, andcannotcover all esoteridopics.

Metainformationassignedo webdocumentganbeusedto guidethe searchoy prop-
erly classifyingand structuringthe information (e.g. RDF [7] or PICS[13]). Meta
information basedon RDF can be used[7] in resourcediscorery to provide better
searchenginecapabilities,in cataloguingfor describingthe contentand contentre-
lationshipsavailable at a particularweb site, page,or digital library, by intelligent
software agentsto facilitate knowvledge sharingand exchange,in contentrating etc.
However, Marchiori[11] arguesthatit will take sometime beforea reasonabl&um-
ber of peoplestartusing metainformationto provide a betterweb classificationand
thatcurrentlyno onecanguaranteg¢hata majority of the web documentwill beever
properlyclassifiedvia metainformation.

(c) Onthefly structuringof resultsof (a) or (b) to improve accessibility:Theresultsfrom
(a) or (b) canbea hugeamountof matchingdocumentshatcanoverwhelmtheuser’s
cognitive abilities. Groupingdocumentsasedon similarity measuregould help to
condensdnformation by presentingonly a symbolfor a setof similar documents.
A usercan selecta set of similar documentdy meansof the symbolsfor further
processing Clustering(see2.2) canbe usedto find a setof similar documentanda
suitablesymbol(clustertitle) for thedocumenset.

2.1 Multi Search Engines

A secondarysearch engineusestheresultsof a primary searchengine.A secondarnsearch
engineuseanuchlessresourcedy usingthealreadyexistingindex of theprimarysearchten-
gine(e.g.bandwidth disk storageandcomputationapower to build anindex is not needed).



Lawrenceand Giles [8] further argue that combiningthe resultsof multiple primary
searchenginescan significantlyincreasecoverage. A secondarysearchengineusingmul-
tiple primary searchengineqcalledmulti seach enging warrantsthe utilisation of the dis-
junctinformationcoveredby primary searchengines Furthermorat is possibleto usemulti
searchenginesn sucha mannerthatoneprimary searchengines advantagecanovercome
a disadwantageof anotherprimary searchengine(e.g.the primary searchenginewith the
mostrecentpagesmaynotbethemostcomprehense). Moreover amulti searchenginecan
provide anuniqueinterfaceto differentdatabasefl4]. Thusit is possibleto queryprimary
searchenginesandarbitrarydatabaseée.g. specialpurposedatabasesyith the samequery
term (Note: from a point of view of an enterprisehe combinationof internalandexternal
informationcanbeprovided).

A multi searchengineshouldsupportfollowing requirementsA usershouldnot need
to know specificpropertiegsuchasquerysyntax)of the primary searchengines.Thequery
term formulatedby a userautomaticallyhasto be modifiedto be suitablefor eachrelated
primarysearctengine.Thebasiclogical operatorge.g. ANDQ OR shouldbesupportedy the
queryinterface.Theelapsedime for queryingprimarysearchenginesshouldbe minimised.
The resultsreturnedby the primary searchenginesshouldbe melged and presentedn a
uniqueformatandduplicateentitiesshouldberemoved. Thesecondargearchengineshould
be ableto detectmodificationsof the queryor resultsyntaxof a primary searchengineand
shouldeitheradaptitself or provide an easyinterfacefor the adoptionto reducethe costof
maintenance.The architectureof a multi searchengineshouldscaleto provide addingor
deletingof primarysearchengines.

2.2 Clustering of Seaich Results

Clusteringis the processof groupingdistinctentitiesbasedon similarities. Similar entities
arejoinedto clusterswhich arejoinedwith otherentitiesor clusters.Theresultof thecluster
processingare clustertrees. Thereare variuouscriteria and measureshat can be usedto
computethe similarities betweenentities. This sectiondiscusseglustercriteriawhich can
beusedto clusterwebdocuments.

e URLasclustercriterion: An URL (UniqgueResourcé.ocator)[1] is usedto reference
webobjects.UsinganURL asa clustercriterionis basedntheideathatURLs which
partially matchagainsieachotherreferto similar content.lt is a spatialcriterionspec-
ifying thelocality of awebsenerandfurtheralocality of aresourcan awebsener’s
informationspace Resourcewith spatialclosenessanbeconsidereadontainingsim-
ilar information. Thedomainname(a partof the URL) canbe considerecsa natural
cluster Thetop-level domainname(e.g..de canbe usedsometimesasan indicator
for thelanguageof thedocument.

e Link structue asclustercriterion: Webdocumentgontainreferenceglinks) to other
(partsof) web documents. Theselinks point to relatedinformation that the author
consideredasrelevantfor thedocumentUsingthelink structureasa clustercriterion
is basedntheideathatdocumentseferringeachother(evenoveralink chain)contain
similar information (seefor example[2, 15]). The quality of this clustercriterionis
potentiallyhigh if thelinks areassignedy a human.Anotherusefor exploiting link
informationis describedn [10] wherethe matchof a documentis determinedy the
contentof the documenttself but alsoby the contentsof the documentghat canbe
reachedvia links (which obtainlower weight).



e Recurringtext patternsas cluster criterion: Using text patternsas clustercriterion
is basedon the ideathata setof web documentgontainingsimilar informationalso
containrecurringtext patterngseefor example[4]) or phrases.

In this paperwe are investigatingon the searchof web documentsand we usethe output
of the primary searchenginedor clustering. This outputcontainstypically a few piecesof
thetext from the original documenthatwe usefor clustering.Thereforewe concentraten
the algorithmsbasedon text patternsand presenta modified versionof a themedetection
method(Section3.2.2)anda novel methodfor phrasedetection(Section3.2.3). In general
otherclusteralgorithmscouldbeaddedo our systemaswell thatprovide differentmeasures
of similarity.

3 A Multi Search Enginewith Multiple Cluster Algorithms

MsEeec [12] is a novel multi searchenginefor web documentswith postprocessingapa-
bilities to melge andcondensenformationin the form of clustertrees. The currentimple-
mentationcontaingwo clusteralgorithms but canbe extendedwith otherclusteralgorithms
in aflexible way. Most processingtepsof M SEec canbe controlledthroughparametersA

usercanswitch on or off the useof a certainprimary searchengineor a clusteralgorithm
dynamically

3.1 Architecture of MSEEC

The queryinterfaceof M seec (seeFigurel) acceptsa queryconsistingof a queryterm (a
searchstring with booleanoperators)parametergor the multi searchengine(selectionof
primarysearchenginespnumberof solutions) andvariousparametersontrollingthe cluster
generationTheseparameterareusedfor examplein thelinguistic processingf theresults,
for selectingandcontrolling of the clusteralgorithms.

To simplify the queryformulationwe provide a simpleuserinterfacefor the casualuser
or anadwancedinterfacewhereall parameterareavailableto a sophisticatediser Figure2
shaws in thetop sectiona userinterfacefor the casualuser

Beforethetransmissiorof the queryit is modifiedto be suitablefor the specificprimary
searchengine.Theprimarysearchenginesarequeriedin parallel. Theresultsof the primary
searchenginesarecollectedandnormalisedo generatea raw documentescriptorfor each
webdocumentA raw documentescriptoiis atuple containingthe obtainednformationfor
eachdocumentlt containsthereferenceo thefull documen{URL [1]), thetitle andatext
descriptionof the document(leadingtext fragment)andsomeothercontectual information
suchasthe nameof the primary searchengineetc. It is importantto notethatall attributes
of thedocumentescriptomustbereturnedoy every selectedsearchengine.

Theraw documentlescriptorsarepassedo theclusterprocessingrnvironmentwhichis
describedbelon in moredetail. In shortit performssomelinguistic processingn the raw
documentdescriptorsandinvokesthe selectectlusteralgorithmsthatgeneratesaresultthe
clustertrees.

Figure 2 shavs an exampleof a generatectlustertree. Eachnodeof the tree repre-
sentsthe subsumedlocuments.The nodesarelabelledwith the clustertitles generatedy
the clusteralgorithmsandareimplementedasa hypertet link to the containeddocuments.
Whensuchalink is activatedthe clustercontentsarepresentedh theright half of thedisplay
(seeFigure2). Every documenteds presentedasedon informationof the raw document
descriptor
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3.2 The Cluster Processingenvironment

The clusterprocessingervironmentof MSEEC consistsof two major components(a) the
linguistic processingcomponenind (b) the clusteralgorithms. Both of thesecomponents
canbe controlledby the parametersuppliedthroughthe query suchthat— for example—
thelinguistic processinganbe performedin a differentway (e.g.for a differentlanguage)
or turnedoff.

Theinput of the clusterprocessingcomponenbf MSEeC arethe normalisedraw doc-
umentdescriptorgeturnedfrom the multi searchengine. Thesedocumentdescriptorsare
passedo thelinguistic processingomponenthatreturnsthe processedlocumentescrip-
tors. Theseare againthe input of the clusteralgorithms. The clusteringervironmentof
MsEeec allows several clusteralgorithmsto be used.In our currentimplementatiorwe use
amodifiedversionof thethemedetectiormethod(seeSection3.2.2)anda newly developed
methodfor phrasedetection(seeSection3.2.3).

3.2.1 Linguistic Processingof DocumentDescriptors

For informationretrieval linguistic processingf thequeryor of text descriptorss animpor-
tantstepto improve the queryresults.Themostimportantformsof linguistic processingire
stemmingthe eliminationof non-wordsandexplicit treatmenbf word senses.

Stemming[5] is usedto reducevariantword forms to commonroots which represent
a muchsmallervocalulary. The reductionto the reducedvocalulary improvesthe ability
of the systemto matchthe query and the documentvocalulary. A stemmingalgorithm
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Figure2: WebbasedPresentatiowf Condensedhformation

processeaword andcomputegrom theword thecommonroottypically by removing word
affixes(pre-or sufixes)usingtablesof commonparticlesandsomeheuristics Exampledor
stemmingtransformation@rewords—word, policies—policy, or presentedspresent.Note
thatthestemmingalgorithmsandheuristicsarelanguagalependentThenumberof possible
word formsfor Englisharefor examplemuchlessthanthesefor Germaror evenHungarian.

Anothersimpleapproacho reducethevocalulary andto detectmeaningfulwordsis the
eliminationof non-wordsandwordswith very low semanticcontent. Thesewords(suchas
articlesor pronouns)ccurvery likely in aboutevery documentwhich malke it bad candi-
datesfor searchtermsandaswordscharacterisinghe documentstontent(which is impor-
tantfor clustering).A list of non-wordsfor every supportedanguagesanbe easilykeptin
atable,which canbeusedto eliminatethesewordsfrom the documendescriptor However
if thesearchtermcontainssolelynon-words (asfor examplein the searchfor the popgroup
“the who”) this eliminationmustbe omitted.

Anotherimportantareaof linguistic processingn informationretrieval is the multiple
word sensesand the treatmentof synoryms. The disambiguatiorof word senses<an be
usedto differentiatebetweerthe variousmeaningf a word andcanreducethe numberof
relevantmatcheg6] but requiresa significantdegreeof text understandingThetreatmenof
synorymsandhomoryms canbe usedto increaseéhe numberof matches.

The currentimplementatiorof M SEec supportsvord stemmingandnon-word elimina-
tion. As notedabore linguistic processings languagedependent.Thereforethe linguistic
processingomponenhasto obtainaparameteto selecthelanguage M seec usedinguis-
tic processingnly onthedocumentescriptorandnotonthe queryterm.

3.2.2 Clustering basedon the Modified Theme DetectionMethod

Thethemedetectiormethod[4] is basedon theideato find arecurringtext pattern(calleda
themé in acollectionof texts. A themeconsistf oneor moresignificantwordsdescribing
the contentof atext. Weimplementeda modifiedversionof thethemedetectiormethodthat



differsfrom theoriginal by (a) separatinghelinguistic processingrom the themedetection
methodandby (b) generatingnultiple themesusedfor clustertitles ratherthanproducinga
singlethemethatcharacterisea documen{or a setof documentspest.

For eachprocessedocumentlescriptorareducedlocumentlescriptos is generatedin
afirst step,for eachword containedn adocumentescriptotherankingis determinedThe
rankingis thefrequeng of its occurrencén all documentescriptoroptionallyweightedby
the origin of theword. A word from thetitle is assumedo be moreimportantthana word
from the documentbody andis morelikely to be keptin the reduceddocumentdescriptor

Fromthis word list all wordscontainedessfrequentlythana thresholdareremoved, since
they do not contritute to clustering.

In the next step,thetext in thedocumentescriptoiis reducedy keepingonly thewords
with the highestrankingsfrom theword list (boundedo a maximumnumberperdocument
descriptor).Theresultis calledthereducediocumentescriptor Figure3 shavs asimplified
exampleof ageneratiorof areduceddocumentescriptomwith 5 astherankingthreshold.
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Figure3: Examplefor the Generatiorof a ReducedocumentDescriptor

The reduceddocumentdescriptorsarethe sourcefor the themedetecting. From every
reduceddocumendescriptothe word with the highestrankingis selectecandregardedasa
themecandidate Then,it is checled whetherthe themecandidatés containedn morethan
onereduceddocumentdescriptor(valid themecandidatg. If yes,theword with the second
highestrankingis addedto thethemeandbuilds a nenv themecandidatelf thetestfails the
themecandidatds droppedandthethemecandidatewithout the lastaddedword is kept.

This algorithmiteratesthroughall wordsof thereduceddocumentescriptorandbuilds
asetof themesFor every themethelist of documentlescriptorghatcontainsthethemeare
kept. Thecomputedhemescanbe usedasa clustertitles for thefinal stepof the clustering
algorithmwherethe clustertreeis built (seeSection3.2.4).

Thethemedetectionrmodulecanbe controlledby variousparameterdy the userto con-



trol thethresholdweightfactorsandanupperboundfor numberof computedhemes.

3.2.3 Clustering basedon the LZW -Method for PhraseDetection

Whereadhe lastsectiondescribedhemedetectionwe will describenerea novel approach
for phrasedetection. Like a theme a phrase consistsof termsthat occurin a text. The
identified phrasexanbe usedasclustertitles aswell. Contraryto athemethe wordsin a
phrasemustoccurin thesameorderin proximity in thedocument.

The purposeof the phrasedetectionalgorithmis to identify similar or commonused
word phrasesn differentdocumentghat canbe usedfor its characterisationWe propose
herea new methodfor phrasedetectionthatis basedon thewidely usedLZW compression
algorithm[9, 16]. Thiscompressiomlgorithmidentifiesoftenoccurringpatternsn the data
to encodethesepatternsin another more compressedorm to save storage. We usedthis
methodin MSEEC not for compressiorbut for the determinationof often recurringtext
patternin thedocumentescriptors.

The LZW compressioralgorithm as suggestedby Lempel, Ziv, Welch [9, 16] is used
for datacompressionThe LZW algorithmadaptsdynamicallyto differentdataby building
an encodingtableduring a single passthroughthe data(insteadof usinga fixed predefined
encodingtable). The LZW compressioralgorithmtakesasinput a steamof data(e.g.8-bit
characters)The outputof the algorithmis a streamof encodedandcompressedalues(z?
tokens,dependingn sizeof encodingable). To proceedll neededtepsaninternalstorage
buffer (ISB) is neededo keeptrackof alist oninputtokens,aswell asafixedsizeencoding
table(ET) to encodethetokenlists.

Program Initialization
Setup a fixed size encoding table (ET)
(size is wusually a x2 size table with x = 10 or 16)
and predefine  the first 255 values with the default  ASCIl 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 compressioralgorithm hasseveral attributesthat male it very valuablefor
the phrasedetection:It detectsoften usedtoken phrasesautomatically the phrasesare ex-
tendedonthefly, thealgorithmneedsonly asinglepasswvhich hastheadvantage®f runtime
efficiengy andincrementality

For phrasedetectionin documentsve modifiedthe LZW algorithmin variousrespects:

e Wordsasbasicunits: While the original algorithmworks on charactershe modified
versionworks on words asinput tokens. Thereforethe codingtable andthe coding
sequencarewordsandrecurringtext phrases.



e Phraserating; In orderto identify the mostcharacterisingphraseof a documentwe
introduceda ratingwhichis basedn thefrequeng of the multiplied by anadditional
weightfactorthatis influenceby thelocationof theword phrase For example phrases
in thetitle of adocumenteceve higherweightsthanphrasegrom otherparts.

e Enhancedencodingtable: It wasnecessaryo extendthe encodingtable (ET) that
needsadditionalfields to keeptrack of the rating of eachword phraseaswell asthe
documentescriptorof the detectedvord phrase.

¢ Unboundedcodingtable size: For the LZW compressiommethodthe first datahas
higherimpactonthe structureof the codingtablethanlaterdatasincethecodingtable
hasboundedsize.We lifted this restrictionto achieze moresymmetryby allowing the
creationof phrasedrom laterdocumentsaswell.

In orderto createthe phrasedor thedisseminatiorof the documenthe phrasedetection
algorithmis appliedon all documentdescriptors.For every phrasethe a list of document
descriptorgs maintainedpointing to the documentdescriptorscontainingthe phrase. As
mentionedabore thephraseaatingis updatedaftereachdetecteghrase After theprocessing
of all documentescriptorsve selectthe phrasesvith the highestrankingsasclustertitle.

Fromourexperiencewith userghephraseadetectiormethodreturnsmoreintuitive results
for the clustertitles thanthe themedetectionmethod. Onereasonis the more naturalword
order The phrasedetectionmethodis alsofasterthanthe themedetectionmethod.On the
otherhandthethemedetectiormethodreturnsbetterresultsfor lessrelateddocumentsvhere
the phrasedetectiormethodfails to detectinterestingcommonphrasesFor examplefor the
texts “The Salislury HouseHongKong” and“Hong Kong, The Salistury House"the phrase
detectionmethodis ableto detectthe phrases’Hong Kong” and“Saliskury House”but is
notableto connecthesephrasesvhichis no problemfor thethemedetectionmethod.

3.2.4 Generation of Cluster Trees

The outputof thethemedetectionandthe phrasedetectionmethodsarepassedo the same
clustertreegeneratiormodule. Thethemesandphrasesreusedasclustertitles anddeter
mine solely the structuringof the clustertrees. Eachnodein a clustertree representshe
documentgontainedn the whole subtree.In orderto keepthe presentatiorof the clusters
treesmallit is possibleto limit the numberof nodesin a tree (by meging clusterswith a
high similarity) andto limit the depthof the tree (by meing clustersdeepethana certain
depthin thetree). Theseparametersanbe controlledby the userthoughqueryparameters.

The tree generatiortries to find for every group of documentdescriptorgdenotedby
the clustertitle) a parent(ancestornodethatis lessspecific,which meansthatit contains
a subsetof the words of the clustertitle. The algorithm startswith an arbitrary (e.g.the
longest)clustertitle Ty andeliminatesin stepl theseclustertitles thatcontainwordsnotin
Ty (seeFigure4). In step2 thelongesttitles arekeptascandidategor the parentcluster in
step3 theclustertitle with the mostdocumentescriptorss choserasthe parentcluster

Thesethree stepsare performedfor every clustertitle. If no parentclustercould be
determinedhe clustertitle is regardedasa root of atree. Thereforethis algorithmresults
notin asinglebut multiple clustertrees(clusterforest).

The maximumdepthof a clustertree can be determinedby a query parameter If the
specifieddepthis exceedednodesfrom deepersubtreesare melged with the node at the
maximumdepth(seeFigure5).
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4 Conclusionand Futur e Work

This paperpresentea scalablearchitecturausinga secondarysearchengineto querymul-
tiple informationseners. The additionallayerintroducedby a secondarngearchenginecan
be usedto provide a uniquequeryandresultinterfaceto multiple primary searchengines.
Thedesignof thesystemasathesecondargearchenginereducesonsumptiorof resources
by usingtheindex of primarysearchengine.Theuseof multiple primarysearctengineshas
theadwantagehatit canresultin ahighercoverageof indexedwebdocumentsandallows to
selectfor certainqueriesdifferentsources.This enableaus for exampleto querydatabases
in anintranetandthe Internetwith a singlequery

Queriesmay return excessve amountsof matchingdocumentshat can overwhelma
user We useclusteralgorithmsto give the usera bettersynopsisand someguidanceto
differntiatebetweerthe matches We introduceda modified versionof the themedetection
methodanda novel approachfor phrasedetectionwhich are suitableto clusterthe results
returnedoy a secondangearchengine.The clusteralgorithmsalsocanbe combinedn such
a mannerthat one algorithms advantagescan overcomea disadwantageof anothercluster
algorithm.

Of coursethere are various areaswherewe think we canimprove the system. One
interestingareais to investmore on the usersperceptionof the clusteralgorithms,to allow
theuserto navigatethroughtheinformationspacebasedn clusteralgorithmswith different
similarity measureslt shouldbe possibleto reachdifferenttypesof clustersthroughlinks
from the userinterface.

Anotherareawith high potentialfor improvementsis the linguistic processingwhich
is currently basedon simple heuristics. It appeargo be usefulto provide the userwith
mechanisms$or specifyingadditionalnon-wordsthatshouldbeignoredfor aquery

From our experiencesve would expect even betterresultsfrom the phrasedetection
algorithmby enhancingt to allow skippingof words. This couldbeimplementedy chang-
ing the internal storagebuffer to a stackof buffers. The depthof the stackwould directly
determinghe maximumword skip distance.

To reducethe maintenancevork for the multi searchenginea moresophisticateghattern
recognitionwould be of advantageo parsethe resultsof the primary searchengines.
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