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Abstract

In a traditional informationretrieval system,it is assumedthat queriescanbe posedaboutany topic.
In reality, a largefractionof webqueriesareposedabouta relativelysmallnumberof topics,like prod-
ucts,entertainment,currentevents,andsoon. Onewayof exploitingthissortof regularityin websearch
is to build, fromthe informationfoundon theweb,comprehensivedatabasesaboutspecifictopics. An
appropriate interfaceto sucha databasecansupportcomplexstructured querieswhichare impossible
to answerwith traditional topic-independentquerymethods.Herewediscussthreecasestudiesfor this
“data-centric” approachto websearch. A commonthemein this discussionis theneedfor veryrobust
methodsfor findingrelevantinformation,extractingdatafrompages,andintegratinginformationtaken
frommultiplesources,andtheimportanceof statisticallearningmethodsasa tool for creatingsuchro-
bustmethods.

1 Intr oduction

In a traditionalinformationretrievalsystem,it is assumedthatqueriescanbeposedaboutanytopic. In reality,
a largefractionof webqueriesareposedabouta relativelysmallnumberof topics,like products,entertainment,
currentevents,andsoon. Oneway of exploiting this sortof regularityin websearchis to build, from the in-
formationfoundon theweb,comprehensivedatabasesaboutspecifictopics.An appropriateinterfaceto sucha
databasecansupportcomplexstructuredqueries(e.g., “bed andbreakfastunitswithin onemile of thebeachin
Hawaiicostinglessthan$150pernight”) whichareimpossibletoanswerwith atopic-independentquerymethod.

In thispaper, we will motivatethis “data-centric”approachto websearch,andthendiscussthreecasestud-
ies: namelyWHIRL, CORA, andFLIPDOG. In a typical WHIRL application,datafrom a few dozenwebsitesis
mergedtogetherto form a database;however, theextracteddatais generally“dirty,” or approximate,in several
key respects.WHIRL usestextualsimilarity metricsfrom informationretrievalto approximatelyanswerstruc-
turedqueriesto this“approximate”databaseof webinformation.CORA andFLIPDOG extractinformationabout
specifictypesof entities(researchpapersandjob postings,respectively)from thousandsof differentwebsites.
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Both CORA andFLIPDOG rely heavilyon machinelearningmethodsto discoverrelevantinformationsources,
extractinformationaboutentities,andorganizeentitiesinto categories.A commonthemein our discussionof
thesesystemsis theneedfor veryrobustmethodsfor findingandclassifyingrelevantinformation,extractingdata
from pages,andintegratinginformationtakenfrom multiple sources,andtheimportanceof statisticallearning
methodsasa tool for creatingsuchrobustmethods.

2 Data-Centric WebSearch

Traditionalwebsearchmethodshavecertainfundamentallimitations. Topic-independentsearchmethodsrely
heavily on matchingtermsin a user’s naturallanguagequerywith termsappearingin a document.This ap-
proachis broadlyapplicable,but complexinformationneeds(e.g., thesamplequeryof theintroduction)cannot
beexpressedeasilyin atopic-independent system.Anotherlimitation is thatreturningasinglelist of documents,
rankedby estimatedrelevance,maynotsatisfyauser’squery. For instance,theanswerto thequery“find techni-
cal job postingsin companieswhosestockhasincreased50%or morein thelasttwo years”mayrequirecombin-
ing informationfrom two differentsources—onewhichcontainsinformationaboutstockprices,andonewhich
containsjob postings.

We believethatsuchcomplexinformationneedsarereal(evenif theyarenot oftenformulatedby usersof
existingsearchengines).Oneapproachtohandlingthesequeriesis tocompilethetextualinformationontheweb
into someformalismthatsupportsstructuredqueries—forexample,a relationaldatabase.In this “data-centric”
approachto webinformationaccess,onebeginsby focusingonaparticulartopic: this is animportantfirst step,
asthis makesit possibleto build a databasewith deep,semanticallymeaningfulschema.Onethenconstructs
a “topic-specificsearchengine”: an informationaccesssystemthatallowsaccessto all the informationon the
webthatis relevantto aparticulartopic. Wewill assumeherethata“topic-specificsearchengine”includessome
sortof facility for answeringstructuredqueries,suchasa relationaldatabaseinterface,butotherorganizational
schemes(like aYahoo-styletopic hierarchyfor documents)mayalsobeused.

Forexample,supposethatatopic-specificsearchenginefor travelweretobeconstructed.If I wereinterested
in vacationingin Hawaii, I mightbrowsethetopichierarchyto “Lodging,” atwhichpointI couldeithercontinue
to drill downinto thetopichierarchy, or I couldnarrowmy searchmorequickly througharelational-stylequery
overtheinformationin lodging.Supposethat“type of lodging,” “location,” and“room rate”hadbeenextracted
from eachlodgingdocumentandstoredin a relationaldatabase.A searchform couldbecreatedat thelodging
nodeof thetopic hierarchythatwould allow meto queryoverthesefields. I couldspecifythecriteria“bed and
breakfastunitswithin onemileof thebeachin Hawaiicostinglessthan$150pernight.” Theresultwouldbealist
of bedandbreakfastunitsthatmatchedmy searchcriteria,includingtheirnames,addresses,andphonenumbers
(alsoextractedfrom thedocuments),alongwith links to theactualsourcedocuments.

3 Building Topic-SpecificSearch Engines

While a topic-specificsearchengineis conceptuallyquite simple,building oneis not. The essentialproblem
involvesclassifyingwebpagesrelevantto thetopicandextractingstructuredinformationthatcanbestoredin a
database.Webinformationonatopicmaybegeneratedby thousandsof differentcontentprovidersin thousands
of differentformats.This informationis continuallychangingandgrowing,andthescaleof thewebis suchthat
only anautomaticor nearly-automaticapproachcanhopeto maintaina databasefor a reasonablybroadtopic.
Furthermore,mostof thewebdataavailableis presentedassimpletext—aformateasyfor peopleto generate
andunderstand,but extremelydifficult for computersto process.Thesefactorsmakeit extremelydifficult to
automaticallyconvertwebinformationinto a formatsuitablefor storingin asinglecoherentdatabase.

Onepossiblesolutionto this problemis to requirethat providersgenerateinformationin somedatabase-
compatibleformat,suchasXML. Unfortunately, while XML is a greatway to shareinformationcomingoutof
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databases,XML is far moredifficult for endusersto generatethansimpletextualdocuments.Wecannotexpect
end-usersto consistentlytagtheirdocumentswith therelevantpiecesof informationandto conformto standard
DTDs. Nor is it reasonableto expectthatprogrammerswill mounta large-scaleeffort to convertthe world’s
existingtext to XML data. Therefore,althoughwe believethat XML will be usefulfor exchanginginforma-
tion, wedonotbelievethatmostinformationwill becreatedoriginally in XML. For theforeseeablefuture,web
informationwill bepresentedprimarily astext.

Webelievethatthemostfeasibleapproachfor collectingwebinformationintotopic-specificsearchsystemsis
to automaticallyextractinformationfrom thewebusinglearnedprocedures.For example,onetypeof learning
systemmight allow usersto createtopic hierarchies“by example.” A userwould createa topic hierarchyand
placeafewexampledocumentsinto thathierarchy. Thesystemwouldthengatheradditionaldocumentsfromthe
websimilar to theseexamples,andpresentthemto theuserfor verification,essentiallyasking“is this thekind of
thingyouareinterestedin?” After suchadialog,thesystemwouldlearntoautomaticallyclassifydocumentsinto
thehierarchy. Analogously, ausercouldshowexamplesof therelational-databasefieldsthatshouldbeextracted
from a document.After training, the systemwould learnto extractthesefields automaticallyandpopulatea
topic-specificrelationaldatabase.

Although it is not necessaryfor sucha tool to incorporatelearningor programming-by-example,thereare
severalreasonsfor believingthatlearningis the“right” approachto thisproblem.Oneadvantageis thatnopro-
grammingis necessary—allthe userneeddo is provideandverify examples.This greatlylowersthe costof
developinga topic-specificsearchengine.Anotheradvantageis thatlearnedclassifiersandextractorsareoften
morerobustthanhand-writtenrules,in thesensethattheyarelesslikely to breakdownon unusualinputs.

Below we will presentseveralexamplesof data-centricwebsearchsystems,anddiscussthewaysin which
learningandotherrobust,statisticalmethodsareused.First,however, wewill givesomeadditionalbackground
onthemaintechniquesusedin atopic-specificsearchengine:focusedcrawling,textclassification,andinforma-
tion extraction.

4 Background and RelatedWork

Researchin theareasof focusedcrawling,text classification,andinformationextractionhasbeenon-goingfor
manyyears.Earlyresearchmethodssufferedfrom low accuracyor requiredasignificantamountof hand-tuning.
Only recentlyhavemethodsbeendevelopedthatachievesufficientaccuracywithoutextensivehand-tuningasto
maketopic-specificsearchenginesfeasible.

As theWebcontinuesto growexponentially, theideaof crawlingtheentireWebonaregularbasisbecomes
lessandlessfeasible.Sinceonlyarelativelysmallportionof theWebis relevanttoatopic-specificsearchengine,
it canusethenotionof focusedcrawling(e.g., [4, 3,6, 19]) tofind thosepagesquickly, andbypassmostpagesthat
arenot relatedto thetopic. Crawlingthewebin generalinvolvesgatheringupthelinks oneachvisitedpageand
putting theminto a queueof links to befollowed. Focusedcrawlingreordersthe links in thequeueasto their
predictedlikelihood to leadto pagesthatarerelevantto a particulartopic. By following high-likelihoodlinks
first, pagesthatarerelevantto aparticulartopicarefoundmorequickly. Furthermore,links leadingto irrelevant
pagestendto fall to thebottomof thequeue,andcanbeignoredoncethecrawlerhasdeterminedthattherateof
findingnewrelevantpagesfrom following links hasfallen belowsomegiventhreshold.

Textclassificationis usedin topic-specificsearchenginesin at leasttwo areas.First, it is usedduringcrawl-
ing to classifywebpagesasto whethertheyarerelevantto thegiven topic. Second,it canbeusedto classify
relevantwebpagesor contentextractedfrom webpagesinto a Yahoo-styletopic hierarchy. Much researchhas
beendonein theareaof textclassification(e.g., [7, 14]). Thegeneralideais to first convertthetext to amultidi-
mensionalvectorrepresentation,wheredimensionscorrespondto wordsin thetext,thento usemachine-learning
or statisticaltechniques(e.g., decisiontrees,naiveBayes)to classifythevectorsin themultidimensionalspace.
Thehypertextstructureof theWebprovidesanadditionaladvantagefor webpageclassificationthatis notavail-
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ablefor classifyingtext in general:Onecanusethetext in links leadingto thepageandalsotheclassificationof
nearbypagesto makeclassificationof aparticularwebpagemoreaccuratethanif classificationwereperformed
on thetext of thepagealone.

Thekey to creatinga topic-specificsearchengineis to extractvaluesfor specificfieldsfrom thewebpages,
storingthevaluesin a databaseso thatstructuredqueriescanbeperformedover theextractedinformation. A
primaryvenuefor researchin informationextractionhasbeentheMessageUnderstandingConference(MUC)
series.TheMUC conferenceswerea seriesof contestswhereresearcherswould build working systemsbased
upontheir researchandtesttheir systemson real-worldtasks.Onesetof testsinvolvedextracting“nameden-
tities” suchaslocations,companynames,or personnamesfrom flat text files suchasnewspaperarticles.Early
systemsweretypically built usinga large setof hand-codedextractionrules. Later, someof thesystemswere
built usingmachine-learningtechniques(e.g., [18]).

In comparisonto extractinginformationfrom flat text files, it is possibleto getincreasedaccuracywhenex-
tractinginformationfrom webpageby takingadvantageof theHTML tagstructure.Onecommonapproachto
extractinginformationfrom webpagesis to write site-specific“wrappers”thatextractinformationbasedupon
regularitiesof theHTML tagstructurethatis typically presentin asinglewebsite(e.g., [10, 12]). Forexample,
if a bedandbreakfastwebsitelistedall theirbedandbreakfastunitsin a list, it wouldbepossibleto extractin-
formationfor eachof thoseunitsby simplyextractingthetext following each“<LI> ” tag.Thedisadvantageof
this approachis thataswebsiteschangeovertime, thetagsthewrappersaredependentupontendto changeas
well, requiringthewrappersto berewritten.

Anothermethodfor extractinginformationfrom theWebis to useabootstrappingapproach(e.g., [1, 2]). In
this approachonebeginswith a smallrelationandsearchestheWebfor additionaltuplesto addto therelation.
Newtuplesareaddedto therelationusingabootstrappingtechnique,wherenewtuplesareaddedif theyappear
on webpagesin thesamecontextsasexistingtuplesin therelation.

5 Thr eeCaseStudies

Belowwereviewtwo researchprototypesandacommercialsystemthatusethemethodsdiscussedaboveaswell
asadditionalresearchmethodsto createtopic-specificsearchengines.

5.1 A Research PaperSearch Engine: CORA

TheCORA system[16, 15] automaticallyspiders,classifiesandextractscomputerscienceresearchpapersfrom
theWeb.Thepapersin CORA areorganizedintoataxonomywith 75leaves,andvariousfieldssuchasauthorand
title areextractedfromeachpaper. Additionally, bibliographicinformationisextractedfromeachpaper, allowing
bibliometric analysisto be performed. It currentlycontainsover 50,000papersandis publically availableat
www.cora.whizbang.com.

Thecreationandmaintenanceof CORA reliesheavilyon artificial intelligenceandmachinelearningtech-
niques.Thetaskscanbebrokendowninto four components:spidering,extraction,referencematchingandclas-
sification.

Researchpapersaregatheredfrom thewebusinganefficient, topic-directedspiderbasedonreinforcement-
learning.Thespiderusesthewordsin thecontextof a hyperlinkto assignit an“expectedfuturediscountedre-
ward,” andfollows thehigh-rewardlinks with higherpriority. Trainingdatafor thelanguagemodelthatmakes
theassignmentis easilyobtainedby exhaustivelyspideringafew trainingsites,andcountingtheminimumnum-
berof hopsfrom eachhyperlinkto a targetpage.Experimentsshowthatourdirectedspideris threetimesmore
efficient thana spiderbasedon breadth-firstsearch,andalsomoreefficient thanothersmartspidersthatdo not
explicitly modelfuturereward.

After spidering,thepapers’titles,authors,andreferencesareautomaticallyextractedusinghiddenMarkov
models—atypeof probabilisticfinitestatemachineoftenusedin speechrecognition.Certainstatesareassociated
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Placesto stay near the beach

� Holiday Inn, Oahu(55 rooms)

� Motel 6 (55 rooms)

� LeieAway Inn (6 rooms)

���	�	�

http://www.oahubeachspots.com

Review: The Leie Away GuestHouse.

Excellent food and a friendly atmospheremake
thisoneof our favorite�	�	�

Doubleroomsare$125/nightin theoff-season,and
petsarewelcome. 
�
�
 �


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

Figure1: Typical travel-orientedwebdata

with differentdatabasefields(suchasauthoror title), andaftercalculatingthemostlikely statepathusingthe
Viterbi algorithm,theword emissionsassociatedwith thoseparticularstatesaresaidto beassociatedwith their
associatedfields.Trainingdataconsistsof acombinationof hand-labeleddataanddatafrom largebibliography
files foundon theweb. After learningthestate-transitionstructureandtheparametersfrom this trainingdata,
automaticextractionachievesover90%accuracy.

Next, theextractedreferencesarematchedagainstthepapers,so that thecompletecitation graphis built.
This is doneefficiently by a two-stageclusteringprocessthatusestwo differentdistancemetrics—firstacheap,
approximatedistancemetricbasedon aninvertedindex,thenanexpensive,detaileddistancemetricbasedon a
tunedstring-editdistance[17]. Thequadratic-timestring-editdistanceis only performedon thesmallsubsetof
reference-pairsthatarewithin somedistancethresholdaccordingto thecheapdistancemetric.Oncethecitation
graphis complete,we run a bibliometricanalysisbasedon principalcomponentsanalysisto automaticallyfind
“seminal”and“survey” papers.

Finally, thepapersareautomaticallycategorizedinto thetopic hierarchyusingprobabilistictext classifica-
tion. A smallnumberof human-providedkeywords,alargeamountof unlabeleddata,andastatisticaltechnique
for takingadvantageof thehierarchycalled“empiricalBayes”areall combinedin aBayesianclassifierthatpro-
videsnear-humanaccuracy.

The CORA systemcanbeadaptedto a newdomainby labelingtheadditionalexamplesneededto learna
newsetof classifiers—infact,a secondtechnical-papersearchenginefor statisticsresearchpaperswascreated
in this way after just two dayswork. NEC’s CiteSeersystem[9] is anothertopic-specificsearchenginethat is
morespecificallygearedto researchpapers,butuseslessmachinelearning.

5.2 Information Integration Systemsand WHIRL

Onesetof data-centricwebsystemsare“information integrationsystems”(e.g., [13, 8, 11]), which collect into
asingledatabasetheinformationfrom severalheterogeneous,database-likewebsites.As anexample,consider
thesamplequeryabove,andconsiderthewebpagesshownin Figure1 (thesecondwebpageis oneexampleof
severalreviewsstoredonthesamesite).A typicalinformationintegrationsystemmightextractinformationfrom
thesepages,convertingthefirst webpageinto arelationof theform nearBeach(hotel ) andthesecondweb
site into a relationperNight(hotel, co st ) . Thesamplequeryabovemight beansweredby joining these
two relationsandthenfiltering theresultby cost.

Oneof theproblemsin doinginformationintegrationis thatmanydatabaseoperationsarevery sensitiveto
errorsin extracteddata.Asanexample,if automatic,learnedmethodsareusedtoextractdatafromthewebpages
above,it is quitepossiblethat thenearBeach relationwill containthe tuple � ‘‘Leie Away Inn’’ � and
theperNight relationwill containthe tuple � ‘‘Leie Away Guest House’’,$ 125 � . (It is evenpos-
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siblethattheperNight relationwill containa less-usefultuple,suchas � ‘‘Review: The Leie Away
Guest House’’,$ 125 � .) This inconsistencymeansthatneitherversionof thisnamewill appearin thejoin
of two relations.

TheWHIRL integrationsystem[5] is basedon a novelrepresentationscheme,whichallowsmoreextracted
informationto bestoredasraw text. By makinguseof robustsimilarity metricsfor text developedin theinfor-
mationretrievalcommunity, manydatabase-styleoperationscanbeapproximatedonthis representation,evenif
thedatais somewhatmisaligned.

For instance,onemight usethefollowing WHIRL queryto find inexpensivehousingnearthebeach:

SELECTnearBeach.
 , perNight.

FROM nearBeach,perNight
WHERE nearBeach.hotelSIM perNight.hotelAND

perNight.cost� 150

Theoutputof this querywill be � tuplesfrom thecross-productof perNight andnearBeach thathavethe
mostsimilarhotel fields,subjectto theconstraintthatperNight.cost is lessthan$150;thusthejoin of the
relationsnearBeach andperNight is approximatedby findingtupleswith similarhotelnames.Thenumber
of tuples� returnedby thequeryis fixedby theuser, andsimilarapproximationscanbeusedfor morecomplex
queries.

�
WHIRL views the processof finding the � bestanswersto a queryasan optimizationproblem. For this

query, WHIRL searchesthroughthespaceof possiblepairingsof nearBeach andperNight tuplesto find
thepairingsthatmaximizethegivensimilarity condition(“nearBeach.hotel SIM perNight.hotel ”)
usinganartificial-intelligenceoptimizationmethodcalledA 
 search.To makethissearchefficient,WHIRL re-
lies heavilyon indexingmethodsusedin informationretrieval. In informationretrieval,the similarity of two
documentsis afunctionof thesetof termsthosedocumentsshare,andtheweightassignedto thesesharedterms.
(For thepurposeof thisdiscussion,a termcanbeconsideredto beasingleword.) For thisquery, WHIRL might
useinvertedindicesto find perNight tuplesthatareguaranteedto sharesome“important” (highly-weighted)
termin thehotel field of a candidatenearBeach tuple. More generally, appropriateuseof invertedindices
ensuresthatthemostplausiblepairingsareexploredearlyin thesearch.

Using robustversionsof databaseoperationseliminatesthe needfor certaindata-cleaningoperations—in
this example,for instance,it is not necessaryto normalizethe namesof hotels. This often greatlysimplifies
theprocessof extractingdata.Experimentally, WHIRL wasusedto provideinterfacesto 50 differentsiteswith
approximatelyfour man-monthsdevelopmenttime—avastimprovementover earliersystems—byrelying on
simple,approximateextractionschemes.

Thesitesincludedin theexperimentswith WHIRL wereprimarily on two topics—birdsof North America,
andeducationalcomputergamesfor children—andwereprimarilysitescontaininglargeamountsof data-likema-
terial. Onesitefor theNorthAmericanbird topicwashttp://www2.ma th .su ny sb .e du/˜t ony/ bi rd s
whichcontainshundredsof soundfilescontainingbird calls;onesitefor thecomputergamedomainwas
http://www.kids domain .co mwhich containshundredsof reviewsof recentcomputergames.For each
suchsite,a separateextractionroutinewashand-writtenwhich spideredthesite,retrievedtheappropriatedata,
andconvertedit into WHIRL’s internalformat.

Becauseof WHIRL’srobustness,manyof theseextractionroutinescouldbequitesimple(mostwereasingle
line in aspecial-purposelanguage).However, extractingdatawasstill abottleneckfor WHIRL, becausearoutine
hadto be manuallywritten andmaintainedfor eachsite. We conjecturethat couplinga WHIRL-like database
systemwith CORA-stylelearnedextractionmethodswould furtherreducethecostof datacollection.
�
Thecurrentimplementationof WHIRL supportsafairly largesubsetof SQL:specifically, anydisjunctionof conjunctiveSQLqueries

hasananalogin WHIRL.
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5.3 A Commercial System:FLIPDOG.COM

Ourorganization,WhizBang!Labs,hasdevelopedasetof toolsthatfacilitatethecreationof topic-specificsearch
engines.Recently, wehavefieldedacommercialsystemusingthesetools: FLIPDOG.COM, anon-linejob board
basedonadatabaseconstructedby automaticallyextractingjob postingsdirectlyfromcorporateWebpages.The
FLIPDOG databasewascreatedprimarilybyapplyinggeneral-purposemachinelearningtechniques—techniques
thatcouldwell beusedto extractothersortsof databasesfrom theWeb.

FLIPDOG containsmorethan600,000jobsgatheredfrom over50,000differentcorporatewebsites,making
it thelargestcommercialjob boardontheWeb.Operationally, theprocessof constructingtheFLIPDOG database
is muchlike theprocessusedin CORA. Sitesareautomaticallyspideredto find pagesthatcontainjob postings.
Individual job postingsarethenextractedfrom thesepages,andaugmentedwith automatically-extracted fields
suchasjob title, job description,location,andapplicationemailaddress.Jobpostingsarealsoorganizedinto a
taxonomyto facilitatebrowsing.

However, constructionof theFLIPDOG databasealsorequiredaddressinga numberof issuesnot solvedby
previousresearchprototypes.Unlike researchpapers,job postingsarefrequentlyaccessibleonly by accessing
forms,which meansthat thejob-postingspidermustbeableto understandhow to fill in theseforms. The“lo-
cation” field for a job postingis alsoharderto extractthan,say, the title of a paper, becausea job’s locationis
oftennot explicitly mentionedin thejob postingitself: e.g., frequentlya singleWebpagewill namea location,
andthenlist severaljobsat thatlocation.

FLIPDOG alsoembodiesa newsolutionto theproblemof errorsin automatically-extracted data. In FLIP-
DOG, all automatically-madedecisionsabouta job postingareassociatedwith a “confidence”—anumericmea-
sureof thesystem’scertaintythatthedecisioniscorrect—andhumanbeingsverify anylow-confidencedecisions.
Thismeansthatthelearningalgorithmsmustnotonly provideaccuratepredictions,butaccurateassessmentsof
confidence.Adopting this approachmeansthat FLIPDOG’s job databaseis quite “clean,” containingvery few
erroneousentries,but canstill berefreshedon aweeklybasis.

6 Summary

In general,constructingatopic-specificsearchenginerequiressolvingmanydifferentproblems,includingiden-
tifying relevantinformationsources,extractingandclassifyinginformation,andintegratinginformationtaken
from differentsources.However, solutionsto manyof theseproblemsarein hand,andhavebeenimplemented
in variousresearchprototypesandcommercialsystems.

Webelievein thenearfuture,toolkitsconsistingof variousmachine-learning-basedtechniqueswill makeit
mucheasierto classifyandextractinformationfrom text. As theunderlyingtechnologymatures,data-centric,
topic-specificsearchengineswill becomemoreprevalent.

It is likely thatmanysuchsearchengineswill bedeveloped,eachspecializingin a differenttopic. Topic-
specificenginesarealsolikely to vary in their depthof coverage,with somesystemselectingto imposea rich
schemaon a smallersubsetof theweb,andothersimposinga weakschemaon a largesubsetof theweb. Ulti-
matelythevastmajorityof queriesthatfocusoncommontopicswill beansweredby oneof afew dozengeneral-
purposedatabases;andof theremaining,special-purposequeries,mostwill beansweredbyoneof afewthousand
morespecializeddatabases,muchlike CORA. The informationsystemsin wide usetodaywill persist: how-
ever, traditionalbroad-coveragekeyword-searchbasedIR systems(like GOOGLE andALTAV ISTA) andhighly-
focusedtopic specificdatabases(like imdb.com , which containsonly informationaboutmoviesandTV) will
simplybetwoendsof densely-populatedspectrumof data-centricinformationsystems,eachprovidingadatabase-
like view of adifferentpartof theweb.
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