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Abstract

In a traditional informationretrieval systemijt is assumedhat queriescan be posedaboutany topic.
In reality, a largefraction of webqueriesare posedabouta relativelysmallnumberof topics,like prod-
ucts,entertainmentgurrenteventsandsoon. Onewayof exploitingthis sortof regularityin webseach
is to build, fromthe informationfoundon the web,compehensivadatabasesboutspecifictopics. An
appropriate interfaceto sucha databasecan supportcomplexstructued querieswhich are impossible
to answewith traditional topic-independermjuerymethodsHere we discusghree casestudiesfor this
“data-centric” appmoachto websearch. A commorthemein this discussioris the needfor veryrobust
methoddor findingrelevantinformation,extractingdatafrompagesandintegratinginformationtaken
frommultiple sources,andtheimportanceof statisticallearningmethodsasa tool for creatingsuchro-
bustmethods.

1 Intr oduction

In atraditionalinformationretrievalsystemijt is assumedhatqueriescanbe posedaboutanytopic. In reality,
alargefractionof webqueriesareposedaboutarelatively smallnumberof topics,like productsgentertainment,
currentevents,andsoon. Oneway of exploiting this sort of regularityin web searchis to build, from thein-
formationfound ontheweb,comprehensiveatabaseaboutspecifictopics. An appropriatenterfaceto sucha
databaseansupportcomplexstructuredqueries(e.g, “bed andbreakfasunitswithin onemile of thebeachin
Hawaiicostinglessthan$150pernight”) whichareimpossibleo answemith atopic-independerguerymethod.
In this paperwe will motivatethis “data-centric’approacho web searchandthendiscusghreecasestud-
ies: namelyWHIRL, CORA, andFLIPDOG. In atypical WHIRL application,datafrom afew dozenwebsitesis
meigedtogetherto form a databasehowever the extracteddatais generally‘dirty,” or approximatein several
key respects WHIRL usestextualsimilarity metricsfrom informationretrievalto approximatelyanswerstruc-
turedqueriedo this“approximate”databasef webinformation. CorA andFLIPDOG extractinformationabout
specifictypesof entities(researchpapersandjob postingsrespectivelyfrom thousand®f differentweb sites.
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Both CorA andFLIPDOG rely heavilyon machingearningmethodgo discoverrelevantinformationsources,
extractinformationaboutentities,andorganizeentitiesinto categories A commonthemein our discussiorof
thesesystemss theneedfor veryrobustmethoddor findingandclassifyingrelevantinformation,extractingdata
from pagesandintegratinginformationtakenfrom multiple sourcesandtheimportanceof statisticallearning
methodsasatool for creatingsuchrobustmethods.

2 Data-Centric Web Search

Traditionalweb searchmethodshavecertainfundamentalimitations. Topic-independergearchmethodsrely
heavily on matchingtermsin a usets naturallanguagequerywith termsappearingn a document. This ap-
proachis broadlyapplicable but complexinformationneedgqe.g, the samplequeryof theintroduction)cannot
beexpresseedasilyin atopic-independdrsystem.Anotherlimitation is thatreturningasinglelist of documents,
rankedby estimatedelevancemaynotsatisfyausets query Forinstancetheansweto thequery“find techni-
caljob postingsn companiesvhosestockhasincreased0%or morein thelasttwo years”’mayrequirecombin-
ing informationfrom two differentsources—ong&hich containsnformationaboutstockprices,andonewhich
containgob postings.

We believethat suchcomplexinformationneedsarereal (evenif theyarenot oftenformulatedby usersof
existingsearctengines) Oneapproacho handlingthesequeriess to compilethetextualinformationontheweb
into someformalismthatsupportsstructuredqueries—forexample arelationaldatabaseln this “data-centric”
approacho webinformationaccesspnebeginsby focusingon a particulartopic: thisis animportantfirst step,
asthis makesit possibleto build a databasevith deep,semanticallymeaningfulschema.Onethenconstructs
a “topic-specificsearchengine”: aninformationaccessystemthatallows accesgo all the informationon the
webthatis relevanto aparticulartopic. We will assumdnerethata“topic-specificsearctengine”includessome
sortof facility for answeringstructuredqueries suchasa relationaldatabasénterface but otherorganizational
schemeglike a Yahoo-stylgopic hierarchyfor documentsjnayalsobeused.

Forexamplesupposehatatopic-specificsearctenginefor travelwereto beconstructedIf | wereinterested
in vacationingn Hawaii, | mightbrowsethetopic hierarchyto “Lodging,” atwhichpointl couldeithercontinue
to drill downinto thetopic hierarchyor | couldnarrowmy searchmorequickly througharelational-stylequery
overtheinformationin lodging. Supposéahat“type of lodging,” “location,” and“room rate” hadbeenextracted
from eachlodgingdocumentandstoredin arelationaldatabaseA searchform could be createdat the lodging
nodeof thetopic hierarchythatwould allow meto queryoverthesefields. | couldspecifythecriteria“bed and
breakfastinitswithin onemile of thebeachn Hawaiicostinglessthan$150pernight.” Theresultwouldbealist
of bedandbreakfasunitsthatmatchedny searctcriteria,includingtheirnamesaddressesandphonenumbers
(alsoextractedrom the documents)alongwith links to theactualsourcedocuments.

3 Building Topic-SpecificSearch Engines

While a topic-specificsearchengineis conceptuallyguite simple, building oneis not. The essentiaproblem
involvesclassifyingwebpagegelevantto thetopic andextractingstructurednformationthatcanbestoredin a
databaseWebinformationon atopic maybegeneratedy thousandsef differentcontentprovidersin thousands
of differentformats.This informationis continuallychangingandgrowing,andthe scaleof thewebis suchthat
only anautomaticor nearly-automati@pproactcanhopeto maintaina databasdor a reasonablyoroadtopic.
Furthermoremostof the web dataavailableis presentedissimpletext—aformat easyfor peopleto generate
andunderstandbut extremelydifficult for computergo process.Thesefactorsmakeit extremelydifficult to
automaticallyconvertwebinformationinto aformatsuitablefor storingin a singlecoherentiatabase.

One possiblesolutionto this problemis to requirethat providersgeneratanformationin somedatabase-
compatibleformat,suchasXML. Unfortunatelywhile XML is a greatway to shareinformationcomingout of



databaseXML is far moredifficult for enduserso generatehansimpletextualdocumentsWe cannotexpect
end-userso consistenthitagtheirdocumentsvith therelevantpiecesof informationandto conformto standard
DTDs. Nor is it reasonabléo expectthat programmersvill mounta large-scaleeffort to convertthe world’s
existingtextto XML data. Thereforealthoughwe believethat XML will be usefulfor exchangingnforma-
tion, we do notbelievethatmostinformationwill becreatecdbriginally in XML. Fortheforeseeabléuture,web
informationwill be presentegrimarily astext.

Webelievethatthemostfeasibleapproactior collectingwebinformationinto topic-specificsearclsystemss
to automaticallyextractinformationfrom the web usinglearnedprocedureskFor example onetype of learning
systemmight allow usersto createtopic hierarchies’by example.” A userwould createa topic hierarchyand
placeafew exampledocumenténto thathierarchy Thesystemwouldthengatheradditionaldocument$rom the
websimilarto theseexamplesandpresenthemto theuserfor verification,essentiallyasking“is thisthekind of
thingyouareinterestedn?” After suchadialog,thesystemwouldlearnto automaticallyclassifydocumentsnto
thehierarchy Analogouslyausercouldshowexample®f therelational-databadeeldsthatshouldbe extracted
from a document. After training, the systemwould learnto extractthesefields automaticallyand populatea
topic-specifiaelationaldatabase.

Althoughit is not necessaryor suchatool to incorporateearningor programming-by-examplehereare
severareasondor believingthatlearningis the“right” approacho this problem.Oneadvantagés thatno pro-
grammingis necessary—allhe userneeddo is provide andverify examples.This greatlylowersthe costof
developinga topic-specificsearchengine.Anotheradvantagés thatlearnedclassifiersandextractorsareoften
morerobustthanhand-writterrules,in thesensahattheyarelesslikely to breakdownon unusuainputs.

Belowwe will presenseverakexampleof data-centriazveb searchsystemsanddiscusghewaysin which
learningandotherrobust,statisticaimethodsareused.First, howeverwe will give someadditionalbackground
onthemaintechniquesisedin atopic-specificsearctengine:focusedcrawling, textclassificationandinforma-
tion extraction.

4 Background and RelatedWork

Researclin the areasof focusedcrawling, text classification andinformationextractionhasbeenon-goingfor
manyyears.Earlyresearcimethodssufferedfrom low accuracyor requiredasignificantamountof hand-tuning.
Only recentlyhavemethod$eendevelopedhatachievesuficientaccuracywithoutextensivenand-tuningasto
maketopic-specificsearchenginedeasible.

As theWebcontinuedo grow exponentiallytheideaof crawlingthe entireWebon aregularbasisbecomes
lessandlessfeasible.Sinceonly arelativelysmallportionof theWebis relevanto atopic-specificsearchengine,
it canusethenotionof focusedcrawling(e.g, [4, 3,6, 19)) tofind thosepagegjuickly, andbypassnostpageghat
arenotrelatedto thetopic. Crawlingthewebin generainvolvesgatheringup thelinks oneachvisitedpageand
putting theminto a queueof links to be followed. Focusedcrawling reorderghe links in the queueasto their
predictedlikelihood to leadto pagegshatarerelevantto a particulartopic. By following high-likelihoodlinks
first, pagedhatarerelevantto a particulartopic arefoundmorequickly. Furthermorelinks leadingto irrelevant
pagedgendto fall to thebottomof the queue andcanbeignoredoncethe crawlerhasdeterminedhattherateof
finding newrelevantpagesrom following links hasfallen belowsomegiventhreshold.

Textclassificatioris usedin topic-specificsearctenginesn atleasttwo areasFirst, it is usedduring crawl-
ing to classifyweb pagesasto whetherthey arerelevantto the giventopic. Secondjt canbe usedto classify
relevantweb pagesor contentextractedrom web pagednto a Yahoo-styletopic hierarchy Much researcthas
beendonein theareaof text classificatior(e.qg, [7, 14]). Thegeneraldeais to first convertthetextto amultidi-
mensionalectorrepresentationwheredimensiongorrespondo wordsin thetext, thento usemachine-learning
or statisticaltechniquege.g, decisiontrees naiveBayes)to classifythevectorsin the multidimensionakpace.
Thehypertextstructureof theWebprovidesanadditionaladvantagdor web pageclassificatiorthatis notavail-



ablefor classifyingtextin general:Onecanusethetextin links leadingto the pageandalsothe classificatiorof
nearbypagego makeclassificatiorof aparticularweb pagemoreaccurateghanif classificationwereperformed
onthetextof the pagealone.

Thekeyto creatingatopic-specificsearchengineis to extractvaluesfor specificfieldsfrom thewebpages,
storingthe valuesin a databaseso that structuredgueriescanbe performedover the extractednformation. A
primaryvenuefor researchn informationextractionhasbeenthe MessagdJnderstandingConferenc€MUC)
series.The MUC conferencesverea seriesof contestsvhereresearcherg/ould build working systemsased
upontheir researctandtesttheir systemon real-worldtasks. Onesetof testsinvolved extracting“hameden-
tities” suchaslocations,companynamespr persomamesdrom flat textfiles suchasnewspapeatrticles.Early
systemsweretypically built usinga large setof hand-codedxtractionrules. Later, someof the systemswvere
built usingmachine-learningechniguege.g, [18]).

In comparisono extractinginformationfrom flat textfiles, it is possibleto getincreasedccuracywhenex-
tractinginformationfrom web pageby takingadvantagef theHTML tagstructure.Onecommonapproacho
extractinginformationfrom web pagess to write site-specific'wrappers”thatextractinformationbasedupon
regularitiesof theHTML tagstructurethatis typically presenin asinglewebsite(e.g, [10, 12]). Forexample,
if abedandbreakfasivebsitelistedall their bedandbreakfasunitsin alist, it would be possibleto extractin-
formationfor eachof thoseunitsby simply extractingthetext following each*<LI> ” tag. The disadvantagef
this approachs thatasweb siteschangeovertime, thetagsthewrappersaredependentipontendto changeas
well, requiringthewrappergo berewritten.

Anothermethodfor extractinginformationfrom the Webis to useabootstrappingpproache.g, [1, 2]). In
this approactonebeginswith a smallrelationandsearcheshe Web for additionaltuplesto addto therelation.
Newtuplesareaddedo therelationusinga bootstrappingechniquewherenewtuplesareaddedf theyappear
onwebpagedn the samecontextsasexistingtuplesin therelation.

5 ThreeCaseStudies

Belowwereviewtwo researclprototypesandacommerciabystenthatusethe methoddiscusse@dboveaswell
asadditionalresearchmethoddo createtopic-specificsearchengines.

5.1 A Reseach PaperSeaich Engine: CORA

The CoRA system 16, 15] automaticallyspidersclassifiesandextractscomputerscienceresearctpaperdrom
theWeb. Thepapersn CORA areorganizednto ataxonomywith 75leavesandvariousfieldssuchasauthorand
title areextractedrom eachpaper Additionally, bibliographicinformationis extractedrom eachpaperallowing
bibliometric analysisto be performed. It currently containsover 50,000papersandis publically availableat
wwwcora.whizbang.com

The creationandmaintenancef CoRA reliesheavily on artificial intelligenceandmachinelearningtech-
niques.Thetaskscanbe brokendowninto four componentsspidering extraction referencanatchingandclas-
sification.

Researclpapersaregatheredrom thewebusinganefficient, topic-directedspiderbasedn reinforcement-
learning. The spiderusesthewordsin the contextof a hyperlinkto assignit an“expectedfuture discountede-
ward,” andfollows the high-rewardinks with higherpriority. Trainingdatafor the languagenodelthatmakes
theassignmenis easilyobtainedby exhaustivelyspideringafew trainingsites,andcountingtheminimumnum-
berof hopsfrom eachhyperlinkto atamgetpage.Experimentshowthatour directedspideris threetimesmore
efficient thana spiderbasedon breadth-firssearchandalsomoreefficient thanothersmartspidersthatdo not
explicitly modelfuturereward.

After spideringthe paperstitles, authors,andreferencesreautomaticallyextractedusinghiddenMarkov
models—aypeof probabilisticfinite statemachineoftenusedn speechiecognition.Certainstatesareassociated
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Placesto stay near the beach Review: The Leie Away GuestHouse.

e Holiday Inn, Oahu(55rooms) Excellentfood and a friendly atmospheremake

« Motel 6 (55 rooms) this oneof ourfavorite . .

e Leie Away Inn (6 rooms) Doubleroomsare$125/nighin theoff-seasonand

petsarewelcome . * 1
e ...

http://www.bandbreviews.com/leieaway/

http://www.oahubeachspots.com

Figurel: Typicaltravel-orientedvebdata

with differentdatabasdields (suchasauthor or title), andafter calculatingthe mostlikely statepathusingthe
Viterbi algorithm,theword emissionsassociatedavith thoseparticularstatesaresaidto be associatedavith their
associatefields. Trainingdataconsistof a combinationof hand-labeledlataanddatafrom large bibliography
files found onthe web. After learningthe state-transitiorstructureandthe parameterérom this training data,
automaticextractionachievesver90%accuracy

Next, the extractedreferencesre matchedagainstthe papers so thatthe completecitation graphis built.
Thisis doneefficiently by atwo-stageclusteringprocesshatusestwo differentdistancemetrics—firsta cheap,
approximateadistancemetricbasedon aninvertedindex,thenanexpensivedetaileddistancenetricbasedn a
tunedstring-editdistancg17]. The quadratic-timestring-editdistancds only performedon the smallsubsebf
reference-pairthatarewithin somedistancehresholdaccordingo the cheapdistancametric. Oncethecitation
graphis completewe run a bibliometricanalysisbasedon principalcomponentanalysisto automaticallyfind
“seminal”’ and“survey” papers.

Finally, the papersareautomaticallycategorizednto the topic hierarchyusing probabilistictext classifica-
tion. A smallnumberof human-providedeywords alargeamountof unlabeledlata,anda statisticaltechnique
for takingadvantag®f thehierarchycalled“empirical Bayesareall combinedn aBayesiarclassifierthatpro-
videsnearhumanaccuracy

The CoraA systemcanbe adaptedo a new domainby labelingthe additionalexamplesneededo learna
newsetof classifiers—irfact, a secondechnical-papesearchenginefor statisticsresearctpapersvascreated
in this way afterjust two dayswork. NEC's CiteSeersystem[9] is anothertopic-specificsearchenginethatis
morespecificallygearedo researclpapersput usedessmachineearning.

5.2 Information Integration Systemsand WHIRL

Onesetof data-centriaveb systemsare“information integrationsystems’(e.qg, [13, 8, 11]), which collectinto
asingledatabas¢heinformationfrom severaheterogeneouslatabase-likevebsites.As anexample consider
the samplequeryabove andconsidethe webpageshownin Figurel (thesecondvebpageis oneexampleof
severaleviewsstoredonthesamesite). A typicalinformationintegrationsystemmightextractinformationfrom
thesepagesconvertingthefirst webpageinto arelationof theform nearBeach(hotel ) andthesecondveb
siteinto arelationperNight(hotel, cost ). Thesamplequeryabovemight be answeredy joining these
two relationsandthenfiltering theresultby cost.

Oneof the problemsin doinginformationintegrationis thatmanydatabas@perationsarevery sensitiveto
errorsin extractedlata.As anexamplejf automaticlearnednethodsareusedo extractdatafrom thewebpages
above,it is quite possiblethatthe nearBeach relationwill containthetuple (“Leie Away Inn” ) and
the perNight  relationwill containthe tuple (“Leie Away Guest House”,$ 125). (It is evenpos-



siblethattheperNight relationwill containaless-usefutuple,suchas(“Review: The Leie Away
Guest House”,$ 125).) Thisinconsistencyneanghatneitherversionof this namewill appeaiin thejoin
of two relations.

The WHIRL integrationsysten5] is basedn a novelrepresentatioschemewhich allows moreextracted
informationto be storedasraw text. By makinguseof robustsimilarity metricsfor text developedn theinfor-
mationretrievalcommunity manydatabase-styleperationcanbeapproximatean this representatiorgvenif
the datais somewhatnisaligned.

Forinstancepnemight usethe following WHIRL queryto find inexpensivehousingnearthe beach:

SELECTnearBeach, perNightx

FROM nearBeachperNight

WHERE nearBeach.hot&IM perNight.hotelAND
perNight.cos 150

The outputof this querywill be k tuplesfrom the cross-producof perNight andnearBeach thathavethe
mostsimilarhotel fields,subjecto theconstrainthatperNight.cost is lessthan$150;thusthejoin of the
relationsnearBeach andperNight isapproximatedby findingtupleswith similarhotelnames.Thenumber
of tuplesk returnedby the queryis fixed by the user andsimilar approximationsanbe usedfor morecomplex
queries.

WHIRL views the processf finding the & bestanswergo a queryasan optimizationproblem. For this
query WHIRL searcheshroughthe spaceof possiblepairingsof nearBeach andperNight tuplesto find
thepairingsthatmaximizethegivensimilarity condition(“ nearBeach.hotel SIM perNight.hotel ")
usinganartificial-intelligenceoptimizationmethodcalledAx search.To makethis searchefficient, WHIRL re-
lies heavily on indexing methodsusedin informationretrieval. In informationretrieval, the similarity of two
documentss afunctionof thesetof termsthosedocumentshare andtheweightassignedo thesesharederms.
(Forthepurposeof thisdiscussionatermcanbeconsideredo beasingleword.) Forthis query WHIRL might
useinvertedindicesto find perNight tuplesthatareguaranteedio sharesome‘important” (highly-weighted)
termin thehotel field of acandidatenearBeach tuple. More generally appropriatauseof invertedindices
ensureghatthe mostplausiblepairingsareexploredearlyin thesearch.

Using robustversionsof databas@perationsliminatesthe needfor certaindata-cleaningperations—in
this example for instance,t is not necessaryo normalizethe namesof hotels. This often greatly simplifies
the procesf extractingdata. Experimentally WHIRL wasusedto provideinterfacego 50 differentsiteswith
approximatelyfour man-monthglevelopmentime—avastimprovementver earlier systems—byrelying on
simple,approximateextractionschemes.

Thesitesincludedin theexperimentsvith WHIRL wereprimarily on two topics—birdsof North America,
andeducationatomputeigamesor children—andvereprimarily sitescontainingargeamountof data-likema-
terial. Onesitefor theNorth Americanbird topicwashttp://www2.ma  th .su nysb.e du/t ony/ bi rd s
which containshundredsof soundfiles containingbird calls; onesitefor the computergamedomainwas
http://www.kids doman .co mwhich containshundredsf reviewsof recentcomputergames.For each
suchsite, a separat@xtractionroutinewashand-writterwhich spideredhe site, retrievedthe appropriatedata,
andconvertedt into WHIRL's internalformat.

Becausef WHIRL’'srobustnesananyof theseextractionroutinescouldbequitesimple(mostwereasingle
linein aspecial-purposknguage) However extractingdatawasstill abottleneckor WHIRL, becausaroutine
hadto be manuallywritten and maintainedfor eachsite. We conjecturethat couplinga WHIRL-like database
systemwith CORA-stylelearnedextractionmethodswould furtherreducethe costof datacollection.

! Thecurrenimplementatiorof WHIRL supportsafairly largesubsebf SQL: specifically anydisjunctionof conjunctiveSQL queries
hasananalogin WHIRL.



5.3 A Commercial System: FLIPDOG.COM

OurorganizationWhizBang!Labs,hasdevelopedsetof toolsthatfacilitatethecreationof topic-specificsearch
enginesRecentlywe havefieldeda commerciabystenusingthesetools: FLIPDOG.cowm, anon-linejob board
basednadatabaseonstructedy automaticallyextractingob postingsdirectly from corporatéNebpages.The

FLIPDOG databaswascreatedrimarily by applyinggeneral-purposmachindearningtechniques—technigs

thatcouldwell be usedto extractothersortsof databasefom theWeb.

FLiPDOG containgnorethan600,000obsgatheredrom over50,000differentcorporatevebsites,making
it thelargestcommerciajob boardontheWeb. Operationallytheproces®f constructinghe FLIPDOG database
is muchlike theprocesaisedin CORA. Sitesareautomaticallyspideredo find pageghatcontainjob postings.
Individual job postingsarethenextractedrom thesepagesandaugmentedvith automatically-extraed fields
suchasjob title, job descriptionJocation,andapplicationemailaddressJobpostingsarealsoorganizedinto a
taxonomyto facilitate browsing.

However constructiorof the FLIPDOG databaselsorequiredaddressing numberof issuesot solvedby
previousresearchprototypes.Unlike researctpapersjob postingsarefrequentlyaccessibl@nly by accessing
forms, which meanghatthe job-postingspidermustbe ableto understandhow to fill in theseforms. The “lo-
cation”field for a job postingis alsoharderto extractthan,say thetitle of a paper because job’s locationis
oftennot explicitly mentionedn thejob postingitself: e.g, frequentlya singleWeb pagewill namealocation,
andthenlist severajobsatthatlocation.

FLIPDOG alsoembodiesa new solutionto the problemof errorsin automatically-extraed data. In FLIP-
Dog, all automatically-maddecisionsabouta job postingareassociateavith a“confidence’—anumericmea-
sureof thesystem$ certaintythatthedecisions correct—andumanbeingsverify anylow-confidencealecisions.
This meanghatthelearningalgorithmsmustnot only provideaccurateredictionsbut accurateassessmentsf
confidence . Adopting this approachmeanshat FLIPDOG's job databasés quite “clean,” containingvery few
erroneou®ntries but canstill berefreshedn aweeklybasis.

6 Summary

In generalconstructingatopic-specificsearchenginerequiressolvingmanydifferentproblemsjncludingiden-
tifying relevantinformationsourcesgxtractingandclassifyinginformation,andintegratinginformationtaken
from differentsources However solutionsto manyof theseproblemsarein hand,andhavebeenimplemented
in variousresearctprototypesandcommerciakystems.

We believein the nearfuture,toolkits consistingof variousmachine-learning-ts@dtechniquesvill makeit
mucheasierto classifyandextractinformationfrom text. As the underlyingtechnologymaturesdata-centric,
topic-specificsearchengineswill becomemoreprevalent.

It is likely thatmanysuchsearchengineswill be developedgachspecializingin a differenttopic. Topic-
specificenginesarealsolikely to vary in their depthof coveragewith somesystemselectingto imposearich
schemaon a smallersubsebf the web,andothersimposinga weakschemaon a large subsebf theweb. Ulti-
matelythevastmajority of querieghatfocuson commontopicswill beansweredby oneof afew dozengeneral-
purposalatabasesindof theremaining special-purposqueriesmostwill beansweredby oneof afewthousand
more specializeddatabasesnuchlike CorRA. Theinformationsystemsn wide usetodaywill persist: how-
ever traditionalbroad-coveragkeyword-searclhasedR systemglike GOoGLE andALTAVISTA) andhighly-
focusedopic specificdatabaseflike imdb.com , which containsonly informationaboutmoviesandTV) will
simplybetwo endsof densely-populatesbectrunof data-centriecnformationsystemseachprovidingadatabase-
like view of adifferentpartof theweb.
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