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ABSTRACT

USINGEXTRA-TOPICAL USERPREFERENCESTO IMPROVE WEB-BASED

METASEARCH

by

Eric J.Glover

Co-Chairs: William P. BirminghamandMichaelD. Gordon

Whensearchingtheweb,auserstrivesto find usefuldocuments.Websearchengineshavebeen

shown to have relatively low coverage,aswell asotherproblems,that limit their ability to return

usefuldocuments.Onesolution is useof a metasearchengine: a tool that sendsuserqueriesto

multiplesearchenginesandcombinestheresultsto increasecoverage.Unfortunately, ametasearch

enginealsohasproblems,mostlydueto thelackof directcontrolof theunderlyingsearchengines,

that limit its ability to locateandidentify usefulresults.

To improve the ability of usersto find useful resultswhensearchingthe web, we presentthe

architectureof a preference-basedmetasearchengineInquirus2, which utilizesexplicit userpref-

erencesin the form of a category, suchas“personalhomepages”or “researchpapers”.Inquirus2

demonstratesfive architecturalimprovementsthatenhancetheability to locateandidentify useful

documents,andto increaseperformance.Thearchitecturalimprovementsare:anincrementaluser

interface,need-basedsourceselection,sourceandcategory-specificquerymodification,selective

downloadingof results,andneed-basedscoring.

A userstudywasperformedto measuretheeffectivenessof thearchitecturalcomponentsand

to improve our understandingof userjudgmentsof usefulnessasrelatedto topical relevanceand

documentcategory. This userstudydemonstrateda boundingrelationbetweenthe levels of user

judgmentsof topicalrelevanceandusefulness,aswell asconfirmingtheeffectivenessof our archi-

tecture.

We alsopresentthe QueryModification LearningProcedure(QMLP), a procedurethat auto-

maticallylearnscategory-specificandsource-specificquerymodifications,alongwith experimental

resultsconfirmingtheeffectivenessof theprocedure.
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CHAPTER 1

Intr oduction

When searchingthe web, a userstrives to find documentsthat satisfy an information need.

An information need is a psychologicalconceptthat definesthe information a user is seek-

ing [Cooper, 1971, VanRijsbergen,1979]. Currentweb searchenginesallow a user to entera

keyword query, thenreturna list of pointersto web pagesbelieved to be topically relevant. Not

all topically relevantdocumentsareuseful.

Unlike most collections,suchas an online library catalogor journal, the World Wide Web

(WWW) hasminimal barriersto contentcreation;anyonecanbe a publisher. Publishersvary in

expertise,thus,somepagescanbe of little or no valueto readers.However, unlike the WWW, a

typicalonlinedatabasewill behomogeneous,with asetof itemsthatdonotchangeover time,such

asa specificversionof a book. Unlike a bookor a journalarticle,a singlewebpagemaychange,

move to a differentURL, or beremovedfrom theweb. Thedynamicandheterogeneousnatureof

thewebmake it difficult to build effective searchsystems.

The low barriers to content creation have encouraged the rapid growth of the

web from hundreds of thousandsof pages in the mid-1990s to billions of pages in

2001 [CyveillanceCorporation,2000]. Individual general-purposesearchengineshave beenun-

ableto keepup with this growth; thelargestsearchenginein 1999demonstratedonly anestimated

16%coverageof theindexableweb[LawrenceandGiles,1999a]. Severalstudieshave shown that

no singlesearchenginehascompletecoverageandit is unlikely any singlewebsearchengineever

will [LawrenceandGiles,1998c, LawrenceandGiles,1999a, Selberg, 1999].

Relatively low coverage of the web by individual searchenginesspurred researchinto

metasearchengines,or tools that senduserqueriesto multiple searchenginesand combinethe

results.Researchhasdemonstratedthatcombiningresults,in theform of ametasearchengine,pro-

ducesa significantimprovementin coverageandsearcheffectiveness[LawrenceandGiles,1999a,

GordonandPathak,1999].
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Althoughametasearchengineimprovescoverage,it is still limited by theresultsreturnedfrom

thesearchenginesit queries.A searchenginemayimposelimits onboththenumberof resultsthat

canbeseen,andtheinformationabouteachresult.Theselimits reducetheability for a metasearch

engineto judgeusefulnessandto find usefulresults.

To understandtheproblemof finding usefuldocumentson theweb,we presenta simpleexam-

ple.

1.1 A simpleexample

Two usersare looking for useful documentsabout“wirelessnetworking.” Eachuser’s need

is different, but the subjectquery is the same. One wants researchpapersabouthow wireless

networking works,theotherwantsproductreviews aboutwireless-networking hardware.

Eachuserfirst triesher favorite searchenginesandfails. Eachthentriesa metasearchengine,

againbeingunableto find any usefuldocuments,despitethefact that therearenumerousresearch

papersandproductreviews aboutwirelessnetworking on theindexableweb.

First they try Google,ageneral-purposesearchengine,with overonebillion pagesin its index1.

For thequeryof "wireless networking" over 70,000resultsarereported.Of those,about

500 of them are researchpapers,and several thousandare productreviews2. Despitethe large

numberof usefulresultscontainedin Google’s index, noneof thetop tenresultsis a researchpaper

or productreview. Thequeryinterfacedoesnotpermiteitheruserto describeherneedin sufficient

detail.

The samequery, when sentto the FAST (alltheweb.com) searchengine,alsowith over

500 million pages,returnsno productreviews or researchpapersin the top 10. FAST reported

over 30,000resultsthat containedthephrase"wireless networking," many of which are

researchpapersandproductreviews. All of thetop-tenresultsarethetop-level pageof organizations

or companiesrelatedto wirelessnetworking. As before,theuserswereunableto specifymorethan

their subjectquery.

A metasearchengineprovidesasecondoptionfor searchingtheweb. Metasearchengines,such

as Metacrawler, have demonstratedsignificantly higher coveragethan any single searchengine.

On Metacrawler, aswith othersearchengines,thereareno researchpapersreturnedon the first

resultpage(20 documents,insteadof the ten default from the regular searchengines).However,

theeleventhdocumentis a productreview. Thetitle, summaryandURL of theeleventhdocument
1As of March2, 2001,Googlereportedabout1.3 billion pages,althoughthis numberincludesmany pagesthatare

not fully indexed.
2Theseestimatesarebasedonreportedresultsreturnedfrom effective querymodifications.
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provide no obviousindicationthatit is aproductreview, makingit unlikely theuserwouldclick on

thatresult.

In this example,neitheruserwas able to find any useful documents,in the top ten, for her

category-specificinformationneed.Whensearchinga general-purposesearchengine,thesystems

did notcorrectlyidentify usefuldocuments,rankingdocumentsthatwerenotusefulhigherthanany

usefulones.Whensearchinga metasearchengine,only oneusefuldocumentwaslocated,but was

incorrectlyranked,causingtheuserto missit.

Thisdissertationexploresseveraltechniquesthatimprove theability for ametasearchengineto

locateandidentify usefuldocuments.

1.2 The Web

The indexable WWW is a very large set of heterogeneousdocumentsestimatedto be more

thanfour billion pagesin early2001 [CyveillanceCorporation,2000]. A websearchengineis the

primarytool usedto locatewebpagesbasedoncontent.In February, 2001nineof thetoptenranked

websiteshada general-purposeweb searchcapabilityon their main page,andfour of the top ten

aremajorwebsearchengines[Media Metrix Corporation,2001]. A typicalgeneral-purposesearch

enginecanallow usersto searchaboutabillion pagesin underonesecond,returningpagesthatare

expectedto be topically relevant to theprovided query. Most searchenginesareone-size-fits-all,

returningthesamesetof resultsfor all userswith thesamekeywordquery.

Most searchengines,like classicalIR systems,performdocumentretrieval basedon thequery

termsprovided,attemptingto find documentsthat are“similar to the query.” The typical method

for doing this, basedon query-termstatisticalinformation, is called TF-IDF (Term Frequency -

InverseDocumentFrequency) [Salton,1989, VanRijsbergen,1979]. This hasbeenshown to find

documentsthataredeemedrelevant to thequery. To facilitateresearchon TF-IDF basedmethods,

everyyeartherearelargeconferences,suchastheTRECconference(TRECis notexclusive to TF-

IDF basedmethods),designedto testvariousalgorithms[Harman,1994]. TF-IDF basedalgorithms

rely on the similarity assumption,which statesthat documentsthat are“similar to the query” are

likely to beusefulfor theuser’s need[Voorhees,1985]. Unfortunately, this hasnot yet beenshown

to be generallytrue for the web, especiallywhen usershave a specificsearchcontext. Recent

researchon thewebhasshown a largedifferencebetweendocumentsthataresimilar to thequery

andthosethatareuseful[Budzik etal., 2000]. In addition,many new web-pagerankingalgorithms

considerfactorsotherthanthekeywordcontentsof thepage,suggestingthereis moreto usefulness

thankeywordsimilarity [Brin andPage,1998].
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Figure1.1: Thewholewebis boththeinvisiblewebandtheindexableweb. Individual searchenginesonly

coversomeof theindexableweb.

Theability for a searchengineto returnusefuldocumentsis limited not only by its ability to

identify a documentasuseful,but alsoby the requirementthat it containthe usefuldocumentin

its index. The sizeof the non-indexable web, sometimesreferredto asthe “hidden web,” “deep

web” or the“invisible web,” is estimatedto beasmuchas500timesaslargeasthecurrentsearch

engine’s databases,or roughly500billion pages,andthe largesizeandrapidly changingcontents

areat leastin partresponsiblefor many searchfailures [Guernsey, 2001]. The“hiddenweb” refers

to the setof pagesthat areeithernot permittedto be indexed3 or to the setof pagesthat arenot

yet indexed, probablydueto no inboundlinks or new pagesthat did not exist whenthe previous

crawl wasmade.Figure1.1shows theindexablewebasdistinctfrom theinvisible web. Figure1.2

shows how a usefuldocumentmight not bein theindex of a searchengine,or mayfall outsidethe

indexableweb.

Even thoughno single searchenginehasmore than 16% coverageof the web, combining

several searchenginesthrough the use of a metasearchenginecan result in a significant in-

creasein coverage(from 16% to 42%) [Selberg andEtzioni,1997, LawrenceandGiles,1999a,

LawrenceandGiles,1998a]. Unfortunately, highercoverageis not a guaranteethatuserswill find

useful results. A typical metasearchenginemakes ranking judgmentsbasedonly on the limited

informationreturnedby the searchenginesthey query, limiting their ability to accuratelypredict

usefulness.
3Although therearefew technicalmeansto prevent indexing of any userviewablepage,mostweb crawlers volun-

tarily follow therobotsexclusionprotocol,choosingnot to index pagesthatsystemadministratorsspecifyshouldnot be
indexed.[Koster, 1994]
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Figure1.2: Useful documentsmay be split amongmultiple searchengines,andmay evencomefrom the

invisibleweb.

1.3 Contrib utions

A usersearchingthewebwith acategory-specificneedmaybeunableto find usefuldocuments

usinga web searchengine. This failure may result from insufficient coverage,or an inability to

identify accuratelya documentasuseful. A metasearchenginehasbeenshown to provide higher

coverage,but is limited in the information available aboutresults,reducingthe ability to judge

usefulness.A documentthatis ’similar to thequery’ (topically relevant) is notnecessarilyuseful.

Wepresentfour contributions:

� We performedan empirical userstudy comparinguser judgmentsof usefulnesswith user

judgmentsof topical relevance.Thestudydataproduceda boundingrelationshipwherethe

level of thetopicalrelevancejudgmentprovidesanupperboundto thelevel of theusefulness

judgment. Our studyalsoquantifiedthe significanceof usercategory in differentiatingbe-

tweenhighly topically relevantbut usefuldocumentsfrom highly topically relevant,but not

usefuldocuments.

� To take advantageof the influencesof category on the usefulnessof web documents,we

developedandevaluatedanautomatedalgorithmcalledQueryModificationLearningProce-

dure(QMLP). QuerymodificationslearnedusingQMLP demonstratedanon-category result

rateof 75%,significantlyhigherthanfor unmodifiedqueries.QMLP producesa ranked set

of searchengine,query-modificationpairs,without requiringspecialknowledgeof theinner
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workingsof thesearchengines,startingwith only asetof classifieddocumentsandafew test

queries.

� To improve web-basedmetasearch,we developed,implemented,and testeda preference-

basedmetasearchenginethatutilizescategorythroughoutthesearchprocess.Ourpreference-

basedmetasearchengine,Inquirus2, incorporatesneed-basedsourceselection,sourceand

category-specificquerymodifications,andneed-basedscoring.Eachof theseimprovements

directly considersusercategories,despitethefactthattheunderlyingsearchenginesqueried

maynot.

� Weaugmentedourpreference-basedmetasearchengineto improvesearchefficiency by com-

bining a selective downloadmodulewith need-basedsourceselection,sourceandcategory-

specificquerymodifications,andanincrementalinterface.Selective downloadof resultsim-

provestheability to predictusefulness,while not wastingresourcesif sufficient information

to judgeusefulnessis available.Combiningselective downloadwith anincrementalinterface

allows immediatedisplayof results,while thesearchis still progressing.In addition,wehave

preliminarydatasuggestingthatselective downloadcanimprove theefficiency of web-based

metasearch.

1.4 RelatedWork

Therearethreeareasof relatedwork. First,wedescribemethods,otherthanasearchengine,for

finding web pages.Second,we discussseveral studieswhich have beenperformedto understand

searchandmetasearchenginesbetter. Thesestudiesprovide insight into how searchenginesare

used,suchasdiscoveringtheaverageuserqueryis abouttwo terms.Third, we discusstheconcept

of relevancein informationretrieval, focusingon works relatedto distinguishingbetweentopical

relevanceandusefulness.

1.5 Finding Materials on the Web

Oneof thefirst websearchengineswasTheWorld WideWebWorm(WWWW), with anindex

of 110,000web pagesandweb accessibledocuments[McBryan,1994]. Since1994,the sizeof

the (indexable)web hasgrown significantly, estimatedto cross4 billion pagesin early2001,and

the variety of materialshasalsogrown with the advent of FLASH, JAVA andJavaScript,aswell

aswith improvementsin streamingmedia,morepowerful webservers,andincreasedintegrationof

dynamiccontents.
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Chapter2 describesa modelof a web searchengine,andthe importantaspectsasrelatedto

finding usefuldocuments.In additionto web searchengines,thereareotherwaysto locateweb

pagesbasedon content.Oneof thecomponentsof a websearchengineis thecrawler, describedin

detail in Section2.1.5. A focusedcrawler is a tool thatautomaticallyexploreswebpagesseeking

a specifictype of content [Diligenti etal., 2000, Chakrabartietal., 1999]. Unlike a web search

engine,a focusedcrawler cannotreturnresultsinstantlyfor aquery, but ratherfindsthemover time,

possiblyhoursor days.

Anotherapproachto finding web pages,basedon content,is throughbrowsing. Somesites,

suchasYahoo,have createda browsableindex of content,organizedin a hierarchy. A usercan

follow links, organizedby subject,until shehomesin on anareathat is interesting.Unlike a web

searchengine,abrowsableindex canbeusedwithoutanexplicit query. TheYahooindex is human

generatedandhumanmaintained;however, therehasbeenresearchonautomatedhierarchycreation

for web content[Chakrabartiet al., 1998b]. Therehasalsobeenresearchon browsableinterfaces

or methodsfor usingbrowsingtechnologyto improve websearch[Lieberman,1995].

A third methodfor locatingweb pagesis througha metasearchengine. A metasearchengine

is a tool that allows userqueriesto be sentto multiple searchenginesasa meansof improving

consistency andcoverage [Selberg, 1999, LawrenceandGiles,1998c, GordonandPathak,1999].

Severalmetasearchenginesarein usetoday, includingseveral researchmetasearchengines.Some

commercialmetasearchenginesincludeSherlockby Apple, CNET’s mainsearchpage,andDog-

Pile. PopularresearchsearchenginesincludeSavvySearch [Howe andDreilinger, 1997], ProFu-

sion [Gauchet al., 1996], Metacrawler [Selberg andEtzioni,1997, Selberg, 1999], and Inquirus

[LawrenceandGiles,1998a]. It is estimatedthat thereare more than 1200 metasearchengines

availableon thewebtoday.

There are several types of metasearch tools. Tools such as Metacrawler

[Selberg andEtzioni,1997, Selberg, 1999] are centralized metasearchengines, in that all

users send their queries to one location. Tools such as Apple’s Sherlock are considered

personal metasearchagents, since they are installed and run on a user’s machine. An-

other class of metasearchtool includes just-in-time information agents, such as Watson

[Leake etal., 1999, BudzikandHammond,1999]. A just-in-time information agent will con-

sider usercontext when making searchdecisions. Therearealsonon-realtimemetasearchtools

suchasKarnakhttp://www.karnak.com/, a systemthatsendse-mail if new sitesarefound

for a standingquery. Althoughtherearemany differentclassesof metasearchtools,eachperforms

thesamesetof logical tasks.Chapter3 describesthesetasksandgoesinto moredetailon theissues

andchallengesfor metasearchenginesasrelatedto findingusefuldocuments.
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A webmetasearchengineis a specifictypeof searchenginethatutilizeswebsearchenginesas

thedatasource.Onefactorthatseparatesa webmetasearchenginefrom othertypesof distributed

informationretrieval (IR) is theissueof control.A webmetasearchenginedoesnothavecontrolof

how its queriesareprocessedby othersearchengines,nor doesit controltheinformationavailable

in searchengineresponses.Researchareassuchas distributed databasesor query routing may

be applicableto the designof a metasearchengine,but aredistinct becausethey often make the

assumptionof explicit controlof thedata.Distributedinformationretrieval refersto thegeneralclass

of researchrelatedto retrieving materialsfrom different(eitherphysicallyor logically) locations.

Anotherrelatedareais digital libraries,concernedwith theability to retrieve informationgoods,

often in a distributedfashion [Birminghamet al., 1994]. In the1980stherewerelibrary systems

suchas WAIS that enabledthe queryingof many different library catalogs [Davis etal., 1990].

Beforethe web,protocolssuchasZ39.50weredevelopedto enablethe queryingof different,re-

mote library systems,althoughtypical interfacesallowed selectionof only a singledatabaseat a

time [NationalInformationStandardsOrganization,1995].

1.5.1 Digital Libraries

In the mid 1990’s therewas significantUS Governmentinterestin digital libraries. Several

of the governmentfundedUniversity projectsfocusedon the conceptof distributed IR. Two of

themorenotableprojectsincludetheUniversity of Michigan’s digital library [Atkins etal., 1996,

Birminghametal., 1994], and the StanfordDigital Library project [Paepcke etal., 1997]. Both

focusedon the use of agents as tools for performingseveral distributed searchtasks. Several

web relatedsearchtechnologieswere spawned from thesedigital library projects,suchas FAB,

which combinedsocial filtering and word-vectorsto make recommendationsof web documents

[Balabanovic andShoham,1997]; andearlywork onPageRank[Brin andPage,1998], which later

becamethe basisof the Googlesearchengine. The specific issuesfor agent-basedIR and the

relationshipbetweenan agent-baseddigital library anda web metasearchenginearchitectureare

discussedin detail in Section3.1.6.

1.5.2 Distrib uted Databasesand Query Routing

Two researchareasrelatedto metasearchenginesaredistributeddatabasesandqueryrouting.

Thefirst concernshow to distributecontentamongseveraldatabasesandthesecondaddresseshow

to selectwhichdatabasesto query.

A metasearchengineis concernedwith finding content,andnot necessarilywith how to dis-

tribute it.
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Givenasetof alreadydistributeddatabases,queryroutingor sourceselectionis anapproachto

theproblemof choosingwhich databasesto query. Oneof themostwidely researchedalgorithms

for databaseselectionis GLoSS [Gravanoet al., 1998]. In simple termsGLoSSusesdatabase

statisticsto predictthe likelihoodthateachdatabasewill containresultsthat containall thequery

terms(assumingan AND query). This approachhasbeenshown to be effective when dealing

with homogeneousor small distributedtext collections,but theeffectivenesscanbe reducedwith

heterogeneouscollections,suchasa websearchengine’s database.

Oneof the problemswith approachessuchasGLoSSis the needfor databasestatistics. Al-

thoughthestatisticsof thedatabaseareonly a fractionof thesizeof thefull-text database,it might

not alwaysbepossibleto have accessto suchinformation.Whendealingwith websearchengines

througha searchinterface,it is impracticalto obtain full statisticalinformation. However, some

researchhasexperimentedwith using test queriesto generatesummarystatisticsof web search

engines.More recently, Craswellexperimentedwith usingproxy statisticsto permit a metasearch

engineto computeanapproximationfor TF-IDF, demonstratingthatit wasmoreeffectivethanusing

only localdocumenttermstatistics [Craswelletal., 1999].

Systemsthatperformmulti-databasequerying,like systemsthatmaydistributedatabases,have

differentproblemsanddifferentarchitecturalissuesthanwebmetasearchengines.Whenquerying

databasesdirectly, thesearchsystemhasimplicit controlover theform of thequery, andhasaccess

to all the resultsin thedatabase.If a queryreturns1000results,it is reasonableto accessor view

every result;however, if a websearchqueryreturns100 results,it might beunreasonableto view

themall throughasearchengineinterface.

1.6 Studying WebSearch Engines

To understandhow web searchenginesareused,andtheir effectiveness,several studieshave

beenconducted.Jansenpresentsa review of web searchstudiesandmakessomesuggestionsfor

future research[JansenandPooch,2001]). The threeprimary studiesdiscussedby Jansenall fall

into thecategoryof transactionlog analysis. In additionto transactionlog analysis,therehavebeen

somestudiesthatobtainexplicit userjudgments.

The threeprimarystudiesdescribedby Janseninclude: TheFireball Study [Hoelscher, 1998]

, The Excite Study [Spink etal., 1999a, Spinketal., 1999b], and The Alta Vista Study

[Silversteinetal., 1999]. Eachof theseinvolvedanalysisof logsof high-traffic searchenginesand

providesinsight into how usersusesearchengines.Theimportantobservationsfrom thesestudies

aresummarizedbelow:
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� Usersentershortqueries.Theaveragequerylengthis between1 and3 terms,with very few

usersusingfiveor moreterms

� Mostusersdid not take advantageof advancedfeaturessuchasBooleanor quotedphrases

� Limited useof queryreformulationandrelevancefeedback

� Few advancedsearches

The primary contribution of suchstudiesis a betterunderstandingof the natureandtypesof

queriesenteredandof the featuresutilized. Transactionlog studiesareunableto make explicit

statementsabouteffectivenessor usersatisfaction for a particularsearch.As Jansendid for web

searchstudies,Tontaprovided a survey of studiesrelatedto searchfailuresof documentretrieval

systems[Tonta,1992].

In addition to transactionlog studies, several studies have been performed to analyze

the effectivenessor propertiesof specific searchengines. Lawrence and Giles studied sev-

eral searchenginesto make statementsabout their overlap to predict coverageand web size

[LawrenceandGiles,1998c]. GordonandPathakstudiedhow well eachsearchengineperformed

for trainedexpertssearchingon behalfof actualusers [GordonandPathak,1999]. Their dataalso

supportedthe basicassumptionsdescribedby LawrenceandGiles and othersregardingthe low

overlapbetweensearchengines.A relatedstudyincludesthework by Nick Craswellanalyzingthe

effectivenessof severalrankingalgorithmsfor metasearchengines[Craswelletal., 1999].

TheTREC(Text REtrievaalConference)conference,heldevery year, createstestcollectionsto

enablecomparisonof variousrankingalgorithms[Harman,1994]. Recentlyawebtrackwasadded

to enablestudyingof rankingalgorithmsfor webpages[Hawking etal., 1999].

Unlike transactionlog analysis,we designedour userstudy to collect actualuserjudgments

of usefulness.We also instrumentedour systemto collect systemperformancedata,permitting

analysisof eachcomponentof our architecture.Our userstudydataconfirmstheobservationsof

severalstudieson searchandmetasearchengines.

1.7 Relevance,Usefulnessand IR

Thereis philosophicaldisagreementregardingan exact definition of relevancein information

retrieval, andit is thoughtto bemulti-faceted[Mizzaro,1997, Saracevic, 1975, Frantsetal., 1996,

Schamberetal., 1990]. “Relevance”is oftenusedto describetheagreementof a documentwith a

user’s informationneed.In othercontexts, relevancemaymean“answeringthequestion”or “sat-

isfying thequery.” Thebasisfor computingrelevanceis oftenthesimilarity betweena document’s
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descriptionanda query[VanRijsbergen,1979, GrossmanandFrieder, 1998, Salton,1989]. Such

psychologicaldefinitionsdiffer from the computationof relevance,which often is basedon the

similarity betweenauser’s queryandadocumentdescription.

Severalpapersmake a cleardistinctionbetweenthesubjective notionof usefulness(or utility)

and the lesssubjective notion of topical relevance[Mizzaro,1997, Cooper, 1971, Cooper, 1997,

Kochen,1974, Frantsetal., 1996, Saracevic, 1975, Schamberetal., 1990, Budzik etal., 2000,

Budzik andHammond,1999, Lawrence,2000, Coleetal., 1996]. Cooperin 1971describeda log-

ical definition of relevance, and went on to say that what really matteredwas utility, or use-

fulness[Cooper, 1971]. Manfred Kochendescribeda formal model for computationof utility

of documents,and statedthat relevanceis different from utility, and utility subsumesrelevance

[Kochen,1974]. Saracevic describestheconceptof relevanceanda survey of theimportantworks

relatedto relevance [Saracevic, 1975]. More recentlyMizzaro providesa detailedhistory of rel-

evancein IR [Mizzaro,1997]. Cole describeshow undergraduatestudents’notionsof what is

usefulmaychangethroughoutthesearchprocess,even thoughthey arestill looking for materials

on thesamesubject [Cole etal., 1996, Bates,1986]. JayBudzikwith theWatsonprojectdiscusses

the goal of just-in-timeinformationagentsasbeingoneof locatingmaterialsthat areusefulwith

respectto thecurrentsearchcontext [Budzik etal., 2000]. Budzikalsodescribesasmallstudycon-

firming thatuserjudgmentsof what is usefularedistinct from similarity to thequery, a proxy for

topical relevance.Lawrencedescribesthe importanceof context in websearch[Lawrence,2000].

Schamberdescribesthe notion of old relevanceasbeing topical in nature,andnew relevanceas

user-centric [Schamberetal., 1990].

Cox describesthenotionof indexing documentsbasedon their expectedusefulnessfor a given

query, puttingtheburdenof determiningwhatis likely to beusefulontheindexers [Cox, 1994]. To

improve IR, severalresearchershaveproposedconsiderationof non-topicalattributeswhenscoring

documents.Buckland,aspartof theOASISproject,describestheuseof date,language,andphysi-

cal locationof abookasfactorsusedto reduceinformationoverload [Bucklandet al., 1992]. Boyce

statesthatto returnusefulmaterials,theinformativenessor uniquenessof eachitemwith respectto

all otheritemsto bereturnedmustbeconsidered[Boyce,1982]. Croft describesasystemthatcon-

sidersmany factorsin additionto topic for retrieving documents.A usercouldspecifythatshewas

interestedin booksabouta specificsubject,but wasunsureof theexact year [Croft etal., 1990].

TheDecision-TheoreticInteractive VideoAdvisor (DIVA) projectusedanexplicit utility function

overmany factorswhenrecommendingmoviesof interest [NguyenandHaddawy, 1998]. Recently

Zhu andGauchquantifiedthe improvementin effectivenessof a web searchfor eachof six non-

topicalqualitymetrics[Zhu andGauch,2000].
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Our work focuseson thedistinctionbetweentopicalrelevanceandusefulness,andthroughour

userstudyattemptsto explicitly quantifysuchdifferences.Whenscoringdocuments,severalfactors

in additionto thetopicareconsidered.Likewise,extra-topicalfactorsareconsideredwhenchoosing

searchenginesandwhenchoosingquerymodifications.

1.8 Organization of this Document

This dissertationis divided into seven chaptersandfour appendices.Chapter2 describesthe

architectureof a web searchengine,the formal definition of thewebsearch problem, andseveral

fundamentalproblemsthat limit the ability for a web searchengineto returnuseful documents.

Chapter3 describesthearchitectureof a webmetasearchengine,the formal definitionof theweb

metasearch problem, andseveralfundamentalproblemslimiting theability for ametasearchengine

to return useful documents.Chapter4 describesthe architectureof Inquirus 2, our preference-

basedmetasearchengine.Chapter5 describesthedesignandresultsof our userstudy. Chapter6

describesQueryModificationLearningProcedure(QMLP), analgorithmfor learningcategory and

searchenginespecificquerymodifications.Chapter7 presentsa summaryandconclusionof our

work.
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CHAPTER 2

Search Engines

A websearchengineis theprimarytool usedto mapbetweenasearchinguser’sdesiredcontents

andaURL of apagethatis likely to containthosecontents,or satisfyagivenneed.First,wepresent

a generalarchitecturalmodelof a web searchengine. Then we formally definethe web search

problem. Next, we presentseveralproblemsfacedby a websearchenginethat limit theability to

returnusefulresults.

2.1 Web Search Engine Ar chitecture

A web searchenginemust presenta userwith a set of results,given her input. Thereare

five logical tasksa searchengineperformsfor eachsearch.Eachtaskcorrespondswith a specific

componentof thearchitecturepresentedin Figure2.1.

Five tasksevery searchengineperformsfor eachsearch:

� Acceptuserinput

� Processuserinput

� Apply databasequery

� Processresults

� Displayresults

Figure2.1 describesthe four requiredcomponentsof a websearchengineandthecrawler for

populatingthedatabase.Thefirstcomponentis theuserinterface, whichis responsiblefor accepting

userinput andpresentingtheoutput. Secondis thequeryprocessor, which generatesa reasonable

databasequeryfrom theuserinput. Third is thedatabase, which is thecomponentthatstoresthe

13



����������������	��� �!� "$#&%('*)+ '�,.-!% /0/0,1' 243
5.6�718:9<;&=> 7@?�A&B<C DEDED

FHG�I�JLK<M�G

Figure2.1: Architectureof a websearchengine.

knowledgeabouteachresult. Fourth is the scoring module, which processeseachresult before

sendingtheresultto theuserinterfacefor display. In additionto thesefour components,mostweb

searchengineshave acrawler, which is usedto populateandmaintaintheirdatabase.

ThemaindifferencebetweenawebsearchengineandotherIR systemsis its scaleandassump-

tions aboutthedata. A typical IR systemsuchasanonline catalogof journalarticlesis madeup

of contentswhich do not changeover time andareoftenhomogeneous.Webpagescanbelocated

onany machineon theInternet,andcanbewrittenby anyoneaboutanything. A websearchengine

mustbedesignedto handlemany documentsandarbitrarycontents.A websearchenginemustalso

bedesignedto handlethehighly distributedanddynamicnatureof theweb,not typically presentin

otheronlinecollections.

2.1.1 User interface

Theuserinterfaceof awebsearchenginehastwo tasks:

� Acceptuserinput for useby thesystem

� Presentresultsto theuser

Eachof thesefunctionsplaysan importantrole in the operationandusabilityof every search

engine.Wedefinethefirst taskastheinputuserinterfaceandthesecondastheoutputuserinterface.

The input userinterfacedefineswhat typesof informationa usercanprovide. Thesimplesttypes

of interfacesallow only a keyword query, while morecomplex input interfacesmayallow usersto

chooseoptionsfrom a list, provide extra context information,or eventrackuseractions.Thegoal

of theinput interfaceis to getasclearadescriptionaspossibleof theuser’s informationneed.

Fromour original exampleon “wirelessnetworking”, two userswith differentneedsmayenter

thesamequery. Without extra information,it is impossibleto distinguishbetweentheneedsof the

users.
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Therearemany researchprojectson improving web interfaces.Recentwork by Marti Hearst

describesthe importanceof a well-designedinterface,andprovidesrecommendationson how to

designspecializedsearchinterfacesfor individual sites[Hearst,2000].

In additionto normalqueryinterfaces,thereareresearchprojectson utilizing userfeedbackor

monitoringuseractions. The company Direct Hit keepstrack of which resultsusersclick on for

eachquery, andutilizesthis informationto provide animprovedranking.Belkin describesa query

reformulationsystemwhereinusersrefinetheirquerybasedonfeaturesextractedfrom resultsfound

so far [Belkin, 2000]. His work concludesthatuserswho aretrainedon what thesystemdoesare

morelikely to utilize the advancedfeatures.He alsonotedthat sometimesthe featuresthat were

mosteffective might seemstrangeor confusingto users.

User input is more than just the keywords presented.Somesearchenginessuchas North-

ern Light allow usersto specifya searchcategory beforethe search,or choosea clusterafter the

search.TheWatsonprojectconsidersthecurrentuser’s context in awordprocessorwhenperform-

ing searches[Budzik andHammond,1999, Leake etal., 1999].

Thesecondtaskof theuserinterfaceis to presentresultsto theuser. Theoutputuserinterface

affectshow easilya usercanidentify usefuldocuments.Sincethewebis heterogeneous,andthere

is no widely adoptedmetadatastandard(somehave beenproposedandarein limited use,suchas

XML, or Dublin Core), it is difficult to describeoutput. A databaseof bookshasstandardfields

suchastitle, author, etc. A standardwebpagedoesnot necessarilyhave anauthor, or thetitle may

be absentor unrelatedto a webpage’s contents.Barry identifiedseveral criteriausersconsidered

whenmakingrelevancejudgments[Barry, 1993]. Thesefactorsmaybedependenton theneedsof

the user. A usersearchingfor researchpapersmay desirean abstract,or equations,or figures;a

personsearchingfor recentnews maywant to know thedateof thecontentsandthecredentialsof

theauthor.

Someworks on output interfacesattemptto provide variousways of visualizing the results.

Veersasamydescribeswork on providing extra visualcluesto usersto helpusersdeterminewhich

documentsmeettheir particularneedsfor a givenmulti-termquery[VeerasamyandBelkin, 1996].

Suchoutputvisualizationtoolsmayalsoimprove a user’s ability to formulateor reformulatetheir

queriesthrougha feedbackor aninteractive interface.

Therearemany researchprojectsand organizationsdedicatedto understandingand creating

gooduserinterfacesfor web andotherinformationretrieval tools. In our work, we will focuson

specificaspectsof theuserinput,suchastheirsubjectqueryandthedesiredcategory. For theoutput

interface,we focuson specificproperties,suchasincrementaldisplayof intermediateresults.
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2.1.2 Query Processor

Userinput is a representationof an informationneed. The queryprocessormustconvert this

input into adatabasequery(or setof databasequeries)for useby thesearchengine.Unfortunately,

userstypically don’t enterexplicit databasequeries.

Thereareseveral consequencesto improperly(not well formed)formulateddatabasequeries.

If the queryformulatedis too general,the systemmay be forcedto processan excessive number

of results. Even thougha typical searchenginemay reporthundredsof thousandsof web pages

containinga givenquery, thesystemdoesnot actuallyprocesseachof them.Google,for example,

will first try to retrieve documentscontainingall querytermsin titles only beforesearchingin the

full text [Brin andPage,1998]. Too generala querymight returnmany documentsthat,although

they containtheuser’s queryterms,maybeof little or no value.For example,a usersearchingfor

‘‘fish’’ would be likely to find a very long page,mentioning“fish” oncenearthe endof the

document.

A databasequery that is too specificmay result in failure to returndesirabledocuments.A

userenteringaquerylake michigan wildlife fish birds plants mightfind adoc-

umentthatis abouttheplantsandanimalsof Lake Michiganuseful,evenif it doesnotmentionthe

wordwildlife.

The queryprocessorof somesearchengineshasthe ability to generatedatabasequeriesthat

are different from the query termsenteredby the user. For example,somesearchengineswill

performstemming(treatingplural wordsandsingularwordsthesame).Somesearchengines,such

asExcite,interpretauser’s queryconceptually, identifyingwordsof similarconceptsaspotentially

useful,suchascar andautomobile. Altavista andExcitealsoautomaticallyidentify phrases.If a

userentersthequerylake michigan, thesystemtreatsthequeryasa phrase,even thoughno

quoteswereused.

Even moreadvancedsystems,suchasAskJeeves, allow natural language queries,andmust

formulatereasonabledatabasequeriesto ensureretrieval of meaningfuldocuments.Thedatabase

usedby AskJeevesis likely to bedifferentfrom thoseof othersearchengines,optimizedfor specific

typesof queries,asopposedto normalfull-text retrieval.

Unfortunately, for avarietyof reasons,searchenginesdonotgenerallyrevealthemethodsthey

usefor their queryprocessors.The failure to publishspecificationsharmsresearch,andcanmake

formulationof effective queriesmoredifficult.
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2.1.3 Database

A websearchenginecanonly returndocumentsit knows about.Thedatabaseis thecollective

local knowledgeaboutthe documentson the web. Currentlysomesearchenginesboastover one

billion pagesin their index, suggestingavery largedatabase.

The query processorformulatesqueriesto the databaseto producea reasonablenumberof

documentsfor scoring.Brin describessomeof theissuesfor designof a large-scalesearchengine,

includingsomespecificdatabasedesignrequirements[Brin andPage,1998].

Thereareseveralpropertiesof websearchenginedatabasesthatdifferentiatethemfrom most

databasesfor non-webonlineretrieval systems.

Propertiesof databasesof general-purposesearchenginesinclude:

� Very largesize-currentlyestimatedto beon theorderof tenterabytes

� Contentsaddedatextraordinaryrate- thewebis estimatedto doubleevery 18 months

� High performance- typical searchestake underonesecond

� Dynamiccontents- webpageschange,someon anhourlyor morefrequentbasis

A web searchengine databasedetermineswhat (local) documentscan be returned to a

searchinguser. One reasona usermight not find a useful documentfor a given searchis the

absenceof that documentin the searchengine’s database,also called the coverage problem

[Selberg, 1999, LawrenceandGiles,1998c, LawrenceandGiles,1998b, Guernsey, 2001]. A sec-

ondreasonfor searchfailureis thewrongdocumentreturneddueto adifferencebetweentheactual

pagecontentsandthe versionin the database;referredto as the coherenceproblem. The cover-

ageproblemis coveredin moredetail in Section2.3.2,andthecoherenceproblemis describedin

Section2.3.1.

2.1.4 Scoring Module

Documentsreturnedfrom thedatabaseareranked by anorderingpolicy. Thescoringmodule

determineshow documentsarescored,andultimatelyhow they areranked.

Ordering policy refersto themethodusedby a searchengineto producea rankingof results.

Therearemany factorsthat canbe consideredwhenrankinga document.Most classicalIR

systemsusesomeversionof TF-IDF [VanRijsbergen,1979, GrossmanandFrieder, 1998], where

theretrieval statusvalue,or score,of a documentis determinedbasedon thetermfrequency of the

querytermsin eachdocumentrelative to thenumberof documentsin thecollection(database)that

containthatterm.
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SimpleTF-IDF rankingconsidersonly individual keywords,or possiblyphrases.Web pages,

however, have many featuresnot foundin plain text collections,e.g.images,anchortext, link struc-

ture, headings,tables,etc. In addition, the large sizeandwide variety of typesof pagesmakes

TF-IDF lesseffective.

Mostsearchenginescloselyguardtheirspecificscoringfunctions.However, a few publications

have revealedsomeof the parametersconsidered.Mauldin describedhow Lycos ranked pages

(it is not clear that thesesamerulesapply today): factorsconsideredincludedthe specificterms

andtheir placementin the document;termsin the title or top of the documentweregiven more

weight thantermsfoundelsewherein thedocument.Termsdeemedto be themostsignificantfor

describinga documentwerealsopromoted.Therehave beensomeattemptsto studyvariousword

frequency and location-basedrankingmethodsfor web pagesaspart of the TREC-7conference

[Craswelletal., 1999]. Most TF-IDF methodsdo not directly considerthe location of wordsor

their positionrelative to otherqueryterms.

Unlikeplain-text documents,webpagescontainmany structuralfeatures1, suchasfont sizesand

colors,headings,boldface,imagewords,anchortext, titles,meta-tags,etc. It is stronglybelieved(as

indicatedby the recommendationsof the searchenginesfor how to make pagesrank higher)that

searchenginesdo considersuchtagswhenrankingpages.Oneexampleis thatquerywordsof the

samecolorasthebackground,or in smallfont, arelikely to begivenlessweightthantermsin atitle

or heading.Many searchenginesalsorecommendtheuseof “meta-tags”or metadatathatcanbe

usedto helpdescribeawebpage.Thereareseveralmeta-tagsspecifiedfor usein describingaweb

page’s content.Pagesthatcontainquerytermsin thesemeta-tagswill almostalwaysrankhigher,

for searchenginesthatconsidermeta-tags,thanpagesthatdonot; however, only aboutonethird of

webpagesusethem[LawrenceandGiles,1998c].

Recently, thestructureof theweb hasbeenusedasa rankingfactor. Sinceweb pagesarein-

terlinked, it is likely thatpagesthat link to eachothermay be related[Davison,2000]. Similarly,

pagesthatarelinkedto very frequentlyarelikely to bemorepopular, or moreauthoratitive. Klein-

berg usesweblink structureto producesetsof hubsandauthorities[Kleinberg, 1999]. Graphically,

a hub is a pagethat is linked to by many authorities,andan authority is considereda pagethat

links to many hubs. In our society, thereare instancesof hubsandauthorities,suchas: a spe-

cific researchermight beanauthorityon someresearchareabecauseshehashadmany published

papers.Kleinberg’s work is similar to work on citation analysisusedto analyzeacademicpubli-

cations[Lawrenceetal., 1999]. Anotheruseof the link structureis asanapproximationof a web
1Thereareoptionsfor structure,but thereis no standardmetadatacurrentlyfollowed by a largepercentageof web

pagedesigners.
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page’s popularity. The searchengineYahoois probablymorepopularthanMetacrawler and,be-

causeof that,peoplearemorelikely to link tohttp://www.yahoo.com/ontheirpagesthanto

Metacrawler. ThePageRankalgorithm,basedon a randomwalk of theweb,producesa numerical

scorefor eachweb pagebasedon the link structure[Brin andPage,1998]. This algorithmis the

heartof theGoogleSearchEngine.A third useof link structurecanbeasa methodto helpdeter-

minea descriptionof a webpagebasedon theanchortext of inboundlinks. For example,a person

linking to Bob’s homepagemight specifyanchortext “Bob Smith’s homepage”,even thoughthe

pagelinkedto might notmention“Bob Smith” or thewordhomepage.Similarly, thesearchengine

Yahoomight not say“searchengine”anywhere,but a personlinking to it might. This techniqueis

alsousedby Googleto helppredictusefulpages.

Other factorsfor scoringof resultsthat have beenproposedinclude the relative uniqueness

of the informationon a given result,or informativeness[Boyce,1982]. Informativenessrefersto

the amountof “new” information in a given result relative to the other results. Somesystems

clusterresultsandmay considerthe relative clusterswhenscoringresultsor whenranking them

[Zamir etal., 1997]. Somesearchenginesclusterresultsbasedon the domainfrom which they

originate,hopingto provide a wider varietyof pagesto theuser. NorthernLight organizesresults

into “customfolders” basedonapatentedclusteringalgorithm.

Thescoringmoduleproducesa scorebasedon theavailableinformationabouteachresultand

the user’s input. A scoringmodulethat canscoreeachresult independentlyof the other results

hasthe propertyof independentresultscoring. Algorithms suchasthoseproposedby Kleinberg

requiretheentiresetof datato beretrievedbeforeany scorecanbecomputed.If a scoringmodule

hasthepropertyof independentresultscoring,it canutilize an incrementalinterface,in which the

returnedscoresdo not changeasnew resultsare“found”. Section3.8.4describesthis propertyin

moredetail,aswell astheimplicationsfor theuserinterface.

Scoringmodulesfor currentsearchenginesarebelievedto bebasedonacombinationof factors,

bothtopicalandnon-topical.Theprimarycomponents,besidesraw text, appearto belink structure,

pagedepth(how fardown from themainpageof asite),usersuppliedmetadata,andpagestructural

information(title, headings,font color, etc.).A poorrepresentationof auser’s needcanresultin an

inability to scoreagivendocumentproperly.

2.1.5 Crawler

A web searchengineis a tool that permitsusersto locateweb pagesbasedon content. This

contentmappingis donethrougha databaseof web pages.Most generalpurposesearchengines

populatetheir databasethroughtheuseof a crawler, alsocalleda webrobot. A crawler explores
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thewebby downloadingpages,extractingtheURLs from eachexploredpage,andaddingthenew

URLs to its crawl list. Sincetheweb is not static– bothpagesandlinks change– andgrowing at

a fastrate,a crawler mustmake decisionsaboutwhich pagesto examine,aswell aswhich pages

to index. Indexing is the,often complex, processof addinga pageto a searchengine’s database.

Indexing involvesparsingthedocumentusingmany advancedalgorithmsto improve theefficiency

retrieval. Selberg describestheindexing processandprovidesseveralreferencesin [Selberg, 1999].

Tasksof thecrawler:

� Retrieve webpagesfor usein thedatabase

� Minimize theresourcerequirements– thiscanincludeCPU,RAM, disk,network, andtime

� Properlybalancediscovery of new contentswith updatingof existingcontents

Thesimplestcrawler canbethoughtof asasearchalgorithm.Beginningfrom asinglepage,N&O ,
downloadthe page,extract the URLs P:NRQ�STN&UVS(W(W(W�STNYXYZ , thendownloadthe new URLs andrepeat.

Thespecificorderingcouldbeassimpleasabreadth-firstsearch,or possiblysomeform of best-first

search.

The basicpurposeof a crawler is to retrieve web pagesfor incorporationinto the database.

Given a responsive, finite, andstaticweb,onecould imaginea simplecrawler searchresultingin

the discovery of all web pages(for which thereexists a pathfrom thestartnode). Unfortunately,

thewebis large(effectively infinite), individual pagesaredynamicandthebandwidthto any given

server is limited. It takesanon-trivial amountof timeandnetwork resourcesto download(retrieve)

any givenURL, andthecontentsof any givenURL couldchangeatany time. To furthercomplicate

the taskof crawling, therearemany undesirable pages,even for a generalpurposesearchengine.

Thereareweb pagesthat producestreamsof randomdata,or pagesthat areexact duplicatesof

others,aswell aswide variationsof quality or significanceof desirablepages.A general-purpose

searchenginestrivesto cover every subject;however, theusefulnessof thesearchengineis based

on its ability to cover pagessearchersdesire.In additionto general-purposesearchengines,there

arespecial-purposesearchengines.A special-purposesearchengineis a searchenginethatcovers

only aspecificarea,suchasresearchpapersor news.

Therearetwo basictypesof crawlers,focusedandgeneral-purpose.Focusedcrawlersattemptto

minimizetheresourcesrequiredto find webpagesof aspecificcategory. Recentresearchhasshown

thata focusedcrawler canoffer a significantadvantagein resourceexpenditurewhencomparedto

a non-focusedcrawler [Diligenti et al., 2000, Chakrabartiet al., 1999]. Even for general-purpose

searchengines,anintelligentcrawler cansignificantlyreducewastedresources.Chodescribeshow
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to designan efficient crawler by usingURL orderingin [Cho etal., 1998]. Thebasicapproachis

to createa performancemetric andoptimizetheURL orderingwith respectto thatmetric. Some

metricsincludethePageRankalgorithm[Brin andPage,1998], backlink count,forwardlink count,

anda locationmetric.

PageRankis an algorithm,basedon a randomwalk of the web, that attemptsto estimatethe

relative popularityof a web page.Back link countis the numberof links pointing to a particular

page.Forwardlink countis thenumberof links leaving from aspecificpage.Locationmetricrefers

to propertiesof thespecificURL, suchas: .commay be moreimportantthan .net, or a URL that

containsthe string “home” may be of moreinterestthanotherstrings. Locationmetric may also

considerpagedepth(thenumberof slashesin theURL).

Theorderingmetricfor a focusedcrawler is typically a functionof thecontentsof thepages,as

well asof the link structure.A focusedcrawler, althoughdesignedto find appropriatepages,may

alsowishto find pagesthatarenotappropriatefor thegivencollectionbut thatlink to pagesthatare

appropriate.

Thesecondchallengefor a crawler is relatedto resourcerequirements.Unfortunately, it is not

“free” to downloada webpage;resourcesmayberequiredon thepartof boththecrawler andthe

serversservingtheprovidedwebpages.A company mightnotmind if theirwebsiteis crawled,but

they might beupsetif a crawler triesto downloadall hundredthousandof their webpagesat once.

Thenetwork resourcesarealsoimportantsinceacrawler mighthaveahigh-speednetwork link, but

a targetdomainmaynot. Requestingdozensof pagesthatall go througha singlenetwork link can

causenetwork problems[Koster, 1995]. In addition to minimizing network andserver resources,

local resourcesmaybelimited. If we assumethereare4 billion URLs, it canbedifficult to design

a systemto keeptrackof thecurrentsetof crawled pages,theremainingpages,andthepathbeing

explored.

The third challengeof a webcrawler is to ensurethatpagesareappropriatelyrevisited. Since

contentsof a web pagecanchange,it becomesnecessaryto revisit web pages. The greaterthe

numberof pagesin a givendatabase,themoreresourcesmustbeexpendedto ensurethat they are

all keptup to date,furtherburdeningthecrawler. Edwardsdescribestheissuesrelatedto balancing

the rate of crawling of new pageswith the re-visiting of pagesthat are likely to have changed

[Edwardsetal., 2001].
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Let: [
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Given:
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A query ^ .

Determine:
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Figure2.2: Thewebsearchproblemasdefinedby Selberg [Selberg, 1999].

2.2 Web Search Problem

Thewebsearchproblemis thechallengeof a websearchenginebothto find (likely througha

crawler) usefulpages,andto beableto returnthemto a searchinguserbasedon theprovideduser

input. Selberg definesthewebsearchproblemasoneof returninga setof relevantwebdocuments

from asubsetof all webpages.Figure2.2shows his definition.

His definition addressesthe basicgoal of finding relevant documents.However, recentwork,

includingthisdissertation,showsthatthereis adifferencebetweentopicalrelevanceandusefulness.

A topical two termquerymaybe insufficient to determineif a userwill deema documentuseful.

In addition,thegoalof hisdefinitionis to determinetheentiresetof relevantdocumentsfrom some

subsetof theweb. As describedin section2.1.3and2.1.5,awebsearchenginecaninfluencetheset

of documentsit hasin its database.As a result,we feel thewebsearchproblemmustincludeboth

thenotionof usefulness,which is subjective andbasedon morethanthetopicalquery, andthefact

thata searchenginecaninfluenceits own contents.Figure2.3 proposesour extensionto theweb

searchproblem.

Our definition of the web searchproblemcan be summarizedas locating the q most useful

documents,as judgedby the user, for someinformationneed. To do this, a searchenginemust

createa databaseof webdocumentsfrom which to chooseresults.Theselectionof r determines

themaximumquality of theresultset.A small r maymissmany of thebestdocuments.Thebest

possibleis wherethe q bestdocumentsfrom r is thesameasthe q bestfrom

[
, thewholeweb.

It might bepossibleto producethe q bestdocumentswithout having a databasethatcoversthe
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Let: [
bethesetof all Webdocuments.s ]Tt a autility functionof agivendocumentfor theuser’s informationneed

Given:

A specificationof auser’s informationneed,u (typically aquery)

A maximumnumberof documentsto bereturned,q
A setof documents,thedatabase,rvd

[
. Thecontentsof r is determined

by thepolicy of thesearchengine

Determine:

From w , using u , determineasetof resultsfxjyP t Q�S t UVS(W(W(W�S t.z Z , { f|{@}~q , f�d�r ,

wheref containsthe q bestdocumentsfrom r asdefinedby
s ]Tt a

Figure2.3: Ourdefinitionof thewebsearchproblem

entireweb. Somespecial-purposesearchenginesoffer very high coverageof a limited area,anda

usersearchingin thisareais lesslikely to desiredocumentsoutsideof thearea.

It is importantto distinguishbetweenthegoal of finding the q bestdocumentsasopposedto

thebestsetof q . Usinga utility functionover eachdocumentwill only resultin thesetof thebest

q if theutility of any given documentis independentof otherdocuments.Without independence,

thebestsetof q mayexcludedocumentsthat,whencomparedindividually, arepreferredto at least

onedocumentnot includedin theset.An exampleof this is nearduplicates.For example,imagine

theworld containedonly threedocuments,t Q t U and t�� . A usermaystatethat t Q is preferredto t U ,
andbotharepreferredto t � but whenaskedto pick a setof thetwo best,shemight chooset Q andt�� , if t Q and t U arevery similar. Given t Q , themarginal utility of t U is lessthanthatof t.� .

Boycesuggestsconsideringinformativenesswhenscoringdocuments[Boyce,1982]. Informa-

tivenessis a functionof thecontentsof all retrieveddocuments,andif significantmaysuggestthat

a singledocumentcannotbescoredaccuratelywithout consideringtheentirereturnedset. A user

wantsto locateuseful documents;we argue that a systemthat finds many useful documents,as

judgedindividually, hassucceeded.Simplerulescanbeappliedto removeexactor nearduplicates.

To find thebestsetof documentsfor a taskis adifferentandmoredifficult problem.
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2.3 Fundamental Problemsfor WebSearch Engines

As describedby thewebsearchproblem,a websearchenginestrivesto locatethe q bestdocu-

mentsfor agiveninformationneed.Thereareseveralfundamentaldifficultieslimiting theability of

a searchengineto returnusefuldocuments.First, usersdon’t speakin informationneedsor utility

functions;they communicateanapproximationof their informationneedto asearchenginethrough

an interface. Unfortunately, moderninterfacesarenot very goodat capturinganaccuratedescrip-

tion of auser’s informationneed.In fact,thereis a tradeoff betweenasimpleinterface(easyto use)

thatcancaptureminimal information,andamoreadvancedinterface,moredifficult to use,thatcan

allow for amoreaccuratedescriptionof theuser’s need;this is calledthe interfaceproblem. A web

searchenginealsostrivesto have all usefuldocumentsfor all possibleinformationneeds;in other

words,it tries to index thewholeweb. To try to possessall documentsis calledthewebdiscovery

andcoverage problemandtheproblemsassociatedwith documentcontentschangingis calledthe

coherenceproblem.

2.3.1 The CoherenceProblem

Unlike most online retrieval systems,a web searchenginedoesnot control the pagesit in-

dexes. A webpagecanchangeat any time; it is theburdenof thesearchengineto recognizesuch

changes.Thecoherenceproblemis thatof keepingthedatabasecontentsconsistentwith thepages

to which they refer. For mostwebsearchengines,thecrawler is responsiblefor re-checkingpages

[Selberg, 1999].

The coherenceproblemaffects the ability of a searchengineto returnuseful resultsbecause

inconsistenciesbetweenthedatabaseandactualpagecontentscancauseusefulpagesto bemissed,

or pagesthatareno longerusefulto bereturned.

In additionto pagecontentschanging,sometimespagesareremoved. Whena searchengine

resultrefersto a non-existentpage,it is calleda deadlink. Deadlinks areannoying for usersand

areonefactorusedto describetheeffectivenessof a searchengine– the fewer thedeadlinks the

better.

Thereare several approachesto reducingthe coherenceproblem,or to reducingthe conse-

quencesof it. Theactualproblemis generallyattacked by recrawling webpagesmorefrequently.

Recrawling everypagein ordercanreducetheresourcesavailableto thecrawler for discoveringnew

contents,potentiallyloweringsearchenginecoverage.A moreeffective methodis to recrawl pages

intelligently basedon their expectedchangefrequency andimportance[Seltzeret al., 1997]. Some

sitesusethecoherenceproblemasamethodto producerevenue.For example,Inktomi chargesweb
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sitesextra if they wantto berecrawled moreoften.

In additionto the researchon recrawling, therehasbeenresearchon developingprotocolsor

methodsfor notificationof contentchanges.Suchmethodscould alsoincludenotificationof the

additionof new contents.Unfortunately, mostsystemadministratorsdo not useany typeof notifi-

cationsystem,andit is unlikely asinglestandardwill beadopted.

Therearealsoseveralapproachesto hidingtheproblemfromtheuser. ThesearchengineGoogle

allows usersto view thecachedversionof apageasit wascrawled,providing userswith theoption

of seeingtheoriginal contentsof a removedpage.Somemetasearchenginesmaydownloadpage

contentsto ensurethecurrentcontentsarestill relevantto theuser’squeryandto removedeadlinks

[Gauchetal., 1996, LawrenceandGiles,1998a, LawrenceandGiles,1998b, Gloveret al., 1999b,

Glover etal., 1999a].

Somewebsites,suchasstockor news sites,have a continuallyupdateddatabaseof local con-

tent. Local control ensuresthat all pagesreturnedarevalid andhave not hada contentchange.

A metasearchenginethatqueriessucha sitewill alsobeguaranteedof thecurrency of the result,

allowing it to returnpagesthatmight not becontainedin thedatabaseof a general-purposesearch

engine.

2.3.2 The WebDiscovery and WebCoverageProblem

The rapid growth of the web presentstwo fundamentalproblemfor searchengines. First is

theproblemof containingandobtainingall possiblepages.Secondis theproblemof locatingall

possiblepages.Themeasureusedto describethepercentageof theindexablewebcoveredis called

coverage. Several studieshave beenconductedto estimatethe coverageof web searchengines

[LawrenceandGiles,1999a, LawrenceandGiles,1998c, Selberg, 1999, GordonandPathak,1999,

BharatandBroder, 1998]. Althoughthey do not all agreeon theexactsizesandpercentages,there

is consensusthatno singlesearchenginecancover theentireweb. Theestimatesby Lawrenceand

Giles from a samplingof all IP addressesin Februaryof 1999concludedthat the largestcoverage

by asinglesearchengineis about16%.

Despitea rapid decreasein the costsfor storageover the pastdecade,andrapid increasesof

network bandwidth,it is notexpectedthatany searchenginewill individually crawl theentireweb.

Evenif acrawler couldcrawl theentireweb,it is unlikely thatit wouldhavethemostrecentcontents

for every page.Selberg describesseveralreasonswhy it is unlikely for a singlesearchengineever

to becomprehensive [Selberg, 1999].

The first problemin discovering every web pageis the ability to obtainandstoreevery web

page(or even just every URL listed on the seenweb pages).Even if therewerea masterlist of
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all known URLs anddisk spacewerefree, the sheersizeof the web andlimited performanceof

webserversandnetwork links wouldmake it difficult to downloadeverypagein areasonabletime.

Thewebcoherenceproblemrequiresthatwebpagesbere-visited,or otherwiseupdated,to ensure

contentsarekept synchronized.A slow crawler may know of every page(assumingtheweb was

not growing), but if it takestenyearsto get them,thevalueis questionable.This problemis made

impossiblewhen the growth rate of the web is larger than the growth rate of available network

resourcesfor a crawler (assuminga singlecentralizedcrawler with no cooperationbetweensearch

engines).

The secondproblemis determiningevery URL. Unfortunately, thereis no masterlist of all

URLs. As a result,URLs mustbe discovered. The webdiscovery problemdealswith the taskof

determiningthesetof all (indexable)webpages,givenaninitial set.Erik Selberg formally defines

thewebdiscovery problemin his dissertation[Selberg, 1999]. His definitionbeginswith aninitial

setof webpages.By following hyperlinks(URLs), beginning with the initial seed,determineall

webpages.

Although this might seemeasy, thereareseveral stumblingblocks. First, web pagesaredy-

namic,andlinks from a givenpagemaychangeor maypoint to non-existentpages.Second,new

pagesareadded,andthey mightnotbelinkedto. Theproblemis madeworseby therobotexclusion

standardthatstatesthata webcrawler or robotshouldnot index or crawl pagesthataremarkedas

excluded[Koster, 1995]; any webserver canindicateany directoryor setof pagesasexcluded.As

aresult,evenapagethathasapathto it from aninitial pagemayneverbecrawledbecausethepath

goesthroughanexcludedsite. Thelargesizeof thewebalsocreateschallengesdueto theneedto

keeptrackof whathasbeenseenandwhathasnot.

Anotherproblemfacedby crawlers is thatof “spider traps.” Sincewebpagescanbedynamic,

someindividualswill generatepagecontentsfrom programs,or CGI scripts. Thesecontentsmay

includedozensof randomlygeneratedURLs, many of which point to thesameprogram,resulting

in anapparentlyinfinite path,eventhoughin actualityit is only oneprogramthatrespondsto many

differentURLs. Spidertrapsaresometimesusedasamechanismfor contaminatingthee-maillists

generatedby e-mailsearchingcrawlers.

Thereareseveral approachestaken to reducethe effectsof the web discovery andweb cov-

erageproblems. First, a metasearchenginehas beenshown to provide higher coverage,by

combiningresultsof several searchengines,than the largestsinglesearchengine: 42% vs 16%

[LawrenceandGiles,1999a]. In addition, new technologiesmay develop to allow for alternate

methodsof distributedsearch,allowing for theentirewebto besearchedwithout having directac-

cessto a singlecentralizeddatabaseof all pages.Distributed searchcanbe accomplishedwhen
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eachweb server maintainsits own index; andeitherthe indicesarecombined,suchaswith Har-

vest[Bowmanetal., 1994], or searchesareapplieddirectly to thesmallerindicesin a metasearch

fashion. Whencombiningindices,it is necessaryfor thereto be a singlestandard,anduniversal

cooperation,neitherof which is likely to exist. In addition,if thechangerateof theindividual web

indicesexceedsthebandwidthto thecentralindex, it is impossibleto achieve completecoverage.

Thecurrentapproachby searchenginesis to focustheircrawler onsitesbelievedto bethemost

important[Choetal., 1998]. Excluding pagesthat areunlikely to be desiredby searchingusers

canalsoreduceresourcecostsandimproveperformance.Somesearchenginesarespecial-purpose,

coveringonly onetopicor genre,andasa resultcanignorelargeportionsof theweb.

2.4 ResourceCostsand Scalability of Web Search Engines

Thereareresourcecostsassociatedwith maintenanceof awebsearchengine,andseparatecosts

for respondingto queries.Most general-purposeweb searchenginesaredesignedto handlehigh

queryloadson theorderof tensof millions of queriesperday. A well designedsearchenginecan

in theorybescaledto handlearbitrarily largenumbersof userqueriesgivenenoughcomputational

resources.However, network bandwidthmaylimit themaximumperformanceof acrawler.

2.4.1 Search EngineMaintenanceCosts

A searchengineasdescribedin Figure2.1 mustmaintainits database.Databasemaintenance

requiresensuringcurrentcontentsaresynchronizedwith correspondingweb pagesandcrawling

new pagesto ensuresufficient coverageis provided. Thewebcrawler is responsiblefor bothtasks,

andthe limiting resourceis the availablenetwork bandwidthboth at the crawler andat the target

websitesbeingcrawled. As describedin Section2.3.2,it is unlikely thata searchenginewill ever

crawl theentireweb. Themoreresourcesprovided to thecrawler, in general,themorepagesthat

canbecrawled or recrawled.

2.4.2 Query Costs

A searchengineexpendsresourcesto respondto userqueries. It is estimatedthat the sizeof

the textual contenton the indexable web is several terabytes.Several advancedalgorithmshave

beendevelopedto permitsearchenginesto respondto mostqueriesin fractionsof a second.Even

with sublinear, but not constanttime, algorithms,asthesizeof the index grows, theresponsetime

perquerywill increase.This increaseis separatefrom thetotal numberof queriesa searchengine

canprocessin any given amountof time. Duplicationof a searchengine’s databasecanpermit
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multiple instancesof a given searchengineto respondto simultaneoususerqueries,providing a

nearlyunlimitedscalabilityfor userqueries.
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CHAPTER 3

WebMetasearch

A metasearchengineis a “meta” searchengine;it is a searchenginethatsearchesothersearch

engines.A metasearchenginetakesuserqueriesandsubmitsthemto multiple underlyingsearch

engines,andcombinestheresultsinto a singleinterface.Metasearchenginesareprimarily usedto

improve coverageoverasinglesearchengine.

In this chapter, we presenta descriptionof thearchitectureof a webmetasearchengine.Then,

wedefinethewebmetasearchproblem.Finally, wepresentseveralproblemsfacedby ametasearch

enginethatlimit its ability to find usefulresults.

This chapterdescribesthe architectureof a metasearchengine. To understandsomeof the

concepts,we definea search enginerequestasthequerysentto a searchenginerequestingresults.

All requestsareassumedto besyntacticallycorrectfor thesearchenginebeingqueried.

3.1 Ar chitecture of a Metasearch Engine
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Figure3.1: Architectureof awebmetasearchengine.

Thearchitectureof awebmetasearchengineissimilarto thearchitectureof aregularwebsearch

engine.Theprimarydifferenceis that thedatabaseof a websearchengineis replacedby a virtual
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Figure3.2: A possibledesignof a dispatcher.

database,consistingof thedispatcher, otherwebsearchengines,anda resultprocessor. A virtual

databasefunctionslikea localdatabasein thatqueriesareappliedandresultsreturned,but doesnot

requirelocalstorage.In additionto theweb,therearefour componentsof awebmetasearchengine:

userinterface,dispatcher, resultprocessor, andthescoringmodule.

3.1.1 User Interface

Theuserinterfaceof any searchengine(metasearchengineor regularsearchengine)is thein-

terfacebetweenthe“user”1 andthesystem.It is responsiblefor acceptinguserinputanddisplaying

output. Both a metasearchengineanda regular searchenginemustcapturea descriptionof the

searchinguser’s informationneed.A metasearchenginemayhaveafew extraoptionsrelatedto the

decisionsaboutwhereto search,but otherwiseis similar to thatof a regularsearchengine.

Oneof thedifferencesbetweenametasearchengineandaregularsearchengineis theexpected

searchtime. A regular(centralized)searchenginecanbedesignedfor aspecificperformanceneed.

A metasearchengineis limited by theperformanceof thesearchenginesit queries,andasa result

maytake significantlylongerthanmostof thesearchenginesit queries.This extra time presentsa

problemfor theuserinterface,sincea normalmetasearchengineinterfacemustwait for all search

enginesto respondbeforeacting.

3.1.2 Dispatcher

The dispatcherof a metasearchengineis similar to the query processorof a regular search

engine. A queryprocessorgeneratesdatabasequeriesbasedon the input from the userinterface;

a dispatchergeneratessearch enginerequestsfrom theuser’s input. A dispatchermustdetermine

which searchenginesto query, andhow to querythem. Figure3.2shows onepossibledesignof a

dispatcherwith anexplicit sourceselectorto choosesearchenginesto query, andaquerygenerator

to modify queriesappropriatelyfor eachsource.
1A usercouldbea metasearchengine.
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The dispatchermakes the primary searchdecisionsfor a metasearchengine. The decisions

of which searchenginesto query, andhow to queryeachsource,directly affect the ability for a

metasearchengineto locateusefulresults.Poorlychosensourcesor ineffective querieswill result

in few usefulresults. A dispatcheralsoinfluencesthe resourcerequirementsof a metasearchen-

gine. A dispatcherthatsendstoo many searchenginerequestsrequiressignificantlymorenetwork

resources,andwill probablytake longerto completeasearch,thanametasearchenginethatqueries

only a few resources.

Thedispatcherfirst decideswhatandwhoto query, thenmustformulateanappropriaterequest.

Therequestgeneratorcombinestheuser’squery, theselectedsourceandchosenquerymodification

to producea valid web request(typically a URL). The requestsubmittertakes that requestand

executesit. Therequestsubmittermustinteractwith thelow level protocolsandensurethaterrors

areappropriatelyrecorded.

3.1.3 ResultProcessor

Theresultprocessorof ametasearchengineproducestheoutputof thevirtual database,return-

ing resultswith associatedmetadata.Resultssentfrom theresultprocessorto thescoringmodule

aresimilar to resultsreturnedfrom a databasein a regularwebsearchengine.Theresultprocessor

acceptssearch-engineresponsesandextractsfrom themtheindividual results.

Figure3.3 shows a simple two-part view of the tasksof the result processor. First, a result

processorretrievespagesfrom the web (searchengineresponses).Second,it extractsthe results

containedwith them.
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Figure3.3: Two subcomponentsof a genericresultprocessor.

A result processorhasseveral things that limit the ability for a metasearchengineto locate

useful results. The responsepagefrom a searchenginecontainsonly minimal informationabout

eachresult; a large searchenginedatabasecontainsall the necessaryinformation to scoreeach

result, but only a small subsetof this information is provided in the search-engineoutput. The

informationprovidedin theoutputsof differentsearchenginesmayvary. Eachsearchenginemay

haveadifferentoutputformat,andtheinformationprovidedby eachsearchenginemaybedifferent.

Onesearchenginemayprovideatitle, URL, andadocumentsummary, while anothermightprovide
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a title, date,URL, andquery-termcontext. The sameweb pagereturnedby two differentsearch

enginesmayappeardifferently.

An advancedresult processormay perform information-gatheringactionsto supplementthe

dataabouteachresultto improve theability to scoreresults.Typical informationgatheringactions

includethedownloadingof webpagesto provide full HTML.

3.1.4 Scoring Module

Thescoringmoduleof ametasearchengine,like thescoringmoduleof a regularsearchengine,

producesa scorefor eachresultfrom theassociateddataabouteachresult. If a metasearchengine

cannotdirectly compareresults,a fusionpolicy is usedto combinetherankedlists of resultsinto a

singleorderedlist. Unlike a regularsearchengine,a metasearchenginemayhave limited informa-

tion abouteachresult. Themissinginformationmaymake it difficult to identify a resultasuseful

for agiveninformationneed.

3.1.5 Fusion Policies

A metasearchenginethatcombinestheresultsfrom differentsearchengines,basedonly on the

limited information returnedfrom eachsearchengine,usesa fusionpolicy sinceit is fusing the

resultswithoutbeingableto comparethemdirectly.

Craswelldiscussesthe differencesbetweenintegratedmerging methodsandisolatedmerging

methods(metasearchengineranking) [Craswelletal., 1999]. Heexaminesfour sourcesof merging

information: ordinal rank assignedto a document,scoreassignedto a document,server-promise

metric,andthecontentsof thedocumentitself.

In additionto thesefoursources,somemetasearchenginesconsiderquerytermsin thedocument

summariesor URLs returnedfrom multiple searchengines.A documentthat containsthe query

termsin thetitles, summaries,or URL is believed to bemorelikely to berelevant to thequery. A

documentthat is ranked highly by many searchenginesfor thesamequeryis alsoassumedto be

morelikely to beusefulsinceseveraldifferentrankingfunctionsscoredit highly [Selberg, 1999].

It shouldbenotedthatdatafrom our userstudy, aswell asdatafrom thework of Gordonsuggest

thatoverlapbetweensearchenginesoccursinfrequently[GordonandPathak,1999].

Selberg describesthe ranking functions used by MetaCrawler [Selberg, 1999]. When

MetaCrawler is instructedto downloadall the results,andthe useris searchingfor “All of these

words” or “Any of thesewords”, an algorithmsimilar to TF-IDF is usedto scoreeachdocument.

If thedocumentsaredownloadedandtheuserspecified“phrase”search,MetaCrawler scoresdoc-

umentsbasedon thetermproximity.
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WhenMetaCrawler doesnot downloadany documents,the Normalize-Distribute-Sum (NDS)

algorithmis usedto fusethedocuments.NDS considerstheoriginal scoresfrom eachsearchen-

gine,2 andnormalizesto prevent a singlesearchenginefrom dominatingthe ranked list. NDS is

designedto re-weightthe individual searchengines,aswell asto provide a scorebonusto docu-

mentsrankedhighly by multiple searchengines.

Othermetasearchengines,suchasProFusion,usesimilar fusionpolicies[Gauchet al., 1996].

3.1.6 Wrappers and Agents

Figure3.1describesa logicalarchitectureof ametasearchengine.Thedispatcherandtheresult

processorareexplicit. Somemetasearchenginesarebuilt usingspecialsoftwarecalledwrappers

or agents. Typically, an agentor wrapperis associatedwith a singlesearchengine,andperforms

someof thesub-tasksof thedispatcherandresultprocessor. Figure3.4shows anarchitecturalrep-

resentationof a metasearchenginebasedon wrappers.In Figure3.4 thereis no explicit dispatcher

or resultretriever.

X!YX!YX!Y
Z[\]_^3`�acbed]3dgf dgb�h�^3a

ikjclnm
m
oej6p
qkrcsnt
t
uer/v
wkxcynz
z
{ex/|

}3~e���c� �
�� �	�M��� �

�����e�� �����e���+�n�e� �����

Figure3.4: A metasearchenginebasedon wrappers.

A wrapperis a namegiven to a pieceof codethat can acceptqueries(inputs) and generate

web requests,typically for a specificsearchengine,andprocessthe results. Thesetasksaddress

someof the sub-tasksof the dispatcherand the resultprocessor. Wrappersare typically usedto

build modularsystemsthatcaneasilyincorporatenew searchengines.Wrapperscanbeusedwith

a standardizedinterfaceto allow third partiesto createwrappersandto allow wrapperusefor other

researchsystems.

Like wrappers,agentscanform partof a metasearchengine.Agentbasedinformationretrieval

hasbeenthefocusof many recentresearchprojects [Atkins et al., 1996, Paepcke et al., 1997]. An

agentrefersto an independententity (could be a human)that hasgoalsandcanmake decisions.

Oneareaof agentresearchis digital libraries. Agentsareuseful for sucha systembecause,like

wrappers,they allow modulardesign;eachagentcanbe designedindependentlyandallow for a
2Currentlyfew searchenginesprovide numericalscoresfor results,soamodifiedversionof NDSwould berequired.
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Figure3.5: Theinternalsubcomponentsof a wrapper.

highly distributedsystem.

Although this dissertationfocusesprimarily on centralized,web-based,metasearchengines,a

digital library couldhave thesamefunctionalityasa metasearchengine.TheUniversityof Michi-

ganDigital Library Project,for example,would senda user’s query to several differentsources,

includingsomewebsearchengines.Figures3.2 and3.3 show a possibledesignof thedispatcher

andresultprocessor. Similar to themetasearchenginearchitectureshown in Figure3.1,theUMDL

hasan interfacethat acceptsuserinputsanddisplaysoutput. In the UMDL, a task-planneragent

generatesa plan, from which “requests”aresentto multiple CollectionInterfaceAgents,someof

which areproxiesto web searchengines.The resultsarereceived andprocessedby the UserIn-

terfaceAgent (UIA). The tasksperformedby theagentsof theUMDL projectareidenticalto the

sub-tasksperformedby thedispatcher, resultprocessor, scoringmodule,anduserinterface.

3.2 Web Metasearch Problem

The goal of a web searchengineis to find the q mostuseful documentsfor a given search.

A web searchengineinfluencesthe documentsin its databaseandthe rankingof the documents

returnedfor agivensearch.A metasearchenginehasthesamegoal,to returnthebestq documents,

as judgedby the user. However, a metasearchenginedoesnot necessarilyhave a database,but

ratherrelieson resultsfrom othersearchengines.A metasearchenginecontrolsthesetof results

throughthedispatcher;thesetof resultsthatcanbereturnedis determinedfrom theresponsesto the

searchenginerequestsgeneratedby thedispatcher. Likea regularwebsearchengine,ametasearch

enginecanchoosethe rankingof thedocumentsit returns;however, it oftenmustdo sowith less

informationabouteachresult.

Figure3.6 describesthe web metasearchproblem. The importantaspectsarethe selectionof

searchenginerequestsandtherankingof results.Metasearchengineswereoriginally designedto

improve coverage.Researchhasshown thatcombiningresultsfrom severalsearchenginessignif-

icantly improvescoverageover any singlesearchenginealone.A metasearchenginemaybeable

to have indirectaccessto moreresultsthanany onesinglesearchenginealone,but therearemany
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Figure3.6: Definitionof thewebmetasearchproblem

restrictionson this access.Thelimited accessdirectly affectstheability for a metasearchengineto

returnusefulresults.Wepresentfivespecificproblemsfacedby ametasearchengine.

� First,ametasearchenginehasalimit to thenumberof resultsretrievablefor any givensearch.

This limit, calledthewebsearch horizon, is eitherartificially imposedby a searchengine,or

is boundedby theresourcesor resultsavailable.

� Second,metasearchenginesmayhaveaccessto theURLsof many results,but theinformation

usedto scoreeachresultis not alwaysprovided in theoutputinterfaceof thequeriedsearch

engine– thelimited informationproblem.

� Third, a metasearchengineis dependenton the resourcesof outsidesearchengineswhose

performancethey cannotcontrol. As a result,a metasearchenginehassearchtime issues–

thetemporal search problem.

� Fourth,theattitudeof aparticularsearchenginedirectlyaffect theability of ametasearchen-

gineto find usefulresults.A cooperative searchenginewill make specialaffordancesto im-

provemetasearching,while ahostilesearchenginewill blockor interferewith themetasearch

process– thelimitedcooperation problem.
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� Fifth, individualsearchenginesareindependententities,eachwith theirown interfaces.Each

uniqueinterfacepresentsproblemsfor ametasearchenginewishingto locateusefulresults–

multipleinterfacesproblem.

3.3 Web Search Horizon

A websearchenginehasaccesstoall resultsin itsown databasewhenmakingrankingdecisions.

However, ametasearchengineis limited by thereturnedsetfrom theunderlyingsearchengine.This

is calledthewebsearch horizonproblem.

Definition 3.3.1 Theweb-search horizon(
ê÷ö

) for a specificsearch requestis theminimumof the

following threethings:

�ùøûú3ü : Theartificial limit on thenumberof resultsreturnedbya search engine

�ùøký : Thepoint at which it is no longer practical or desirable to retrieve more results: the

stoppingpoint

� { rHõ�{ : Thenumberof resultsretrievedfor a particular query(input)

The web searchhorizonemphasizesthe difficulties a metasearchenginefaceswhentrying to

find useful resultsfrom a specificsearchengine. A singlesearchenginemay containa million

resultsfor a particularquery, but becauseof the web searchhorizon,only a tiny fraction may be

seen.Theproblemis furthercomplicatedby the fact that theorderingpolicy of thesearchengine

mayvary from thatof themetasearchenginemakingtherequest,causingusefulresultsto beranked

beyondthewebsearchhorizon.

A metasearchenginecaninfluencethewebsearchhorizonby expendingmoreresourcesin the

form of extrasearchrequests.Mostsearchenginesallow a“user” (in thiscaseametasearchengine)

to requestmore thanthe default ten results,but at a resourcecost for both the requesterandthe

searchengine.Theextra requestsnot only requireextra network bandwidth,but alsomayincrease

thetotal searchtime.

To reducetheeffectsof thewebsearchhorizon,it is desirablethatthesearchengine’s ordering

policy matchthatof themetasearchengine,causingthebestresultsto berankednearthetop. If it

is not possibleto alterthesearchengine’s orderingpolicy, otherstepsmaybetakento improve the

precisionof the results(theprecisionis thedensityof usefulresults).Querymodificationmaybe

usedbothto alterthesearchengine’s orderingpolicy andto improve precisionof theresults.
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Several searchenginesoffer options,suchas“sort by date” or “restrict by category.” A good

dispatcherwill utilize all availableoptionsto align the orderingpolicy of the searchenginewith

its own. Query modification, throughaddition of extra words or constraints,may also have an

effect on the orderingpolicy, aswell ason the set of resultsreturned. Adding extra termsmay

restricttheresultsetto thosemorelikely to beuseful,or maycausea searchengineto rankmore

usefuldocumentsnearthe top. For example,whensearchingfor researchpaperson AllTheWeb,

addingintroduction ‘‘shown in figure’’ to thequerywill causenearlyall of thetop

20 resultsto beresearchpapers.3

3.4 Limited-Inf ormation Problem

A websearchenginetypically hasaccessto the full-HTML andotherinformationabouteach

resultin its database.This informationis usedto determinetherankingandthesummarydisplayed

in theoutputuserinterface.A metasearchenginequeriesothersearchenginesandusesthepresented

resultpageto generateits own setof results.Unfortunately, a metasearchengineis not presented

with all the informationthatwasusedby thequeriedsearchengineto make thedecisionto return

theresult.Thelackof availableinformationreducestheability for ametasearchengineto judgethe

usefulnessof a result.

Definition 3.4.1 Thelimited-informationproblem

Theinformationprovidedby a search engine, in theoutputuserinterface, maybelessthanthe

informationis usedto make therankinganddisplaydecisions.

Therearemany factorsa searchengineconsiderswhenrankingdocuments.Threecommon

featuresinclude: link structure;query-termfrequency in the documentor collection; andspecial

HTML structuralinformation,suchasMETA-TAGSor font color. In general,noneof thesethree

factorsarepresentedin theoutputuserinterface.

For example,mostsearchengineswill scoredocumentsbasedat leastin part on query term

frequency in the documentandthe collection(TF-IDF). A searchenginehasaccessto term fre-

quency in both the documentsandthe collection; however, they do not displaysuchinformation

in theresultspresentedin theoutputinterface.A protocolcalledSTARTs wasdevelopedto allow

searchenginesto provide this informationin a standardway [Gravanoetal., 1997]. Unfortunately,

this protocolis not in wideuse.
3This querymodification’s effectivenesswasdemonstratedat the time our learningalgorithmswererun, but dueto

changesin theorderingpolicy or databasecontents,it maybecomelesseffective.
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As a result,a typical searchenginereturnsonly the title, URL, anda shortsummaryor query

termcontext information. It is possiblethata usefulresultwould containnoneof thequeryterms

in thetitle, URL or summary. Querycontext, althoughhelpful,doesnot provide muchinformation

aboutwherethetermsoccurrelative to eachotheror their frequency in thedocumentor collection.

A very large but not useful documentthat containsone relevant paragraphmay have the same

displayedquerytermcontext asadocumentthatis entirelyabouttheuser’s query.

The primary approachto reducing the effects of this problem is through the use of an

information-gatheringaction. This action, suchas downloading the result, may provide access

to someof the missinginformation,suchasquery term frequency in the document.The second

approachis to useproxy statisticsto estimateTF-IDF [Craswelletal., 1999]. Proxystatisticsmay

allow computationof inversedocumentfrequency (IDF), but do not provide term frequency in a

documentwhereonly asummaryis available.

3.5 Temporal-Search Problem

Another consequenceof relying on other sourcesfor resultsis the lack of control over the

latency. An individual searchenginecan be designedfor specificperformancerequirementsas

needed;in general,themoreresources,the faster. No matterhow many resourcesareavailableto

a metasearchengine,it cannotreturnresultsfasterthanthesearchenginesit queries.The latency

is further increasedwhen a metasearchenginerequestsmore than the default numberof results

from asearchengine,or whenexpensive (bothin termsof timeandnetwork resources)information

gatheringactionsareperformed.

Theincreasedlatency maynot directly affect thequality of thefinal returnedresults,but rather

affectstheability for ametasearchengineto operatein real-time.

On average,a typical searchenginemay respondin underonesecond;the worst time canbe

ten or moreseconds.In somecases,a searchenginerequestmay be unanswered,timing out in

asmuchas30 or moreseconds.The temporal-searchproblemsimply statesthat: A metasearch

engineis limited by the performanceof the underlyingsearchenginesit queries. Responsesare

not instantaneous,andmay comeinconsistently. Selberg describesasoneof the advantagesof a

metasearchenginethe ability to returnresultseven whena singleunderlyingsearchenginefails

[Selberg, 1999]. Unfortunately, thisadvantagecomesatacost:time.

Currently, therearetwo user-interfaceapproachesto dealwith the increasedtotal searchtime.

First is theuseof feedbackto theuserthatthesystemisworking. Secondis theuseof anincremental

interfacethatprovidesbothfeedbackandusableresults.Most metasearchengineschoosethefirst
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approachby offeringcolorediconsthatindicatethestatusof eachsearchengine.As asearchengine

responds,theassociatedicon turnsfrom yellow to green;if thereis anerror, it turnsred. A second

type of feedbackis a two screenoutput interface. The first screenlists the namesof the search

enginesasthey respond.After thesearchhascompleted,thesecondscreenlists thescoredresults.

This researchusesan incrementalinterfaceasa meansof reducingtheperceived latency. Al-

thoughit is impossibleto returnresultsfasterthanthesearchenginesqueried,it is possibleto return

scoredresultsassoonas they are found, even beforethe searchcompletes.The incrementalin-

terfaceandthepropertyof independentresultscoringis describedin moredetailbelow in Section

3.8.3.

In additionto reducingtheconsequencesof the latency, severalactionscanbetaken to reduce

thelatency itself. Many metasearchengineswill imposeexplicit time limits on eachsearchengine

queried.If thesearchenginedoesnot respondwithin 30 seconds,for example,thesearchengineis

ignoredandthesearchterminates.A time limit will placeanupperboundon thetotal searchtime,

although30 secondsmaybeconsideredby many userstoo long to wait.

Anotherapproachis theuseof sourceselectionbasedon expectedperformance.Eachsearch

engineperformsdifferently: if timeis important,thenchoosingto only querythoselikely to respond

quickly canreducetotallatency. ThemetasearchengineProFusionallowsselectionof sourcesbased

on expectedsearchlatency [Gauchet al., 1996].

Threeothermethodsusedin our researchincludetheuseof alternatestoppingconditions,web

caches,andthe intelligent, selective downloadingof results.A metasearchenginemaychooseto

stopbasedonconditionsotherthanall queriedsearchenginesresponding.Inquirus2, our research,

terminatesthe searchwhen a specifiednumberof resultshave beenprocessed.It may also be

desirableto stopbasedon the scoresof resultsor other factors. By stoppingbasedon results,a

single,slow searchenginewill notnecessarilyadverselyaffect thetotal searchtime.

The secondapproachwe useis web caches.Inquirus2 downloadsmany results. The down-

loadingof resultscanbevery expensive andcanincreasesearchlatency. Webcachescanbeused

to reducethe costsof downloadingresults. A third technique,describedin detail in Section4.2,

is intelligentselective download.Choosingto downloadonly someresultscansignificantlyreduce

the searchcostsandtotal searchtime. Scoringa resultwithout downloadcantake fractionsof a

second,while downloadingmaytake severalseconds.
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3.6 Limited CooperationProblem

A web metasearchengineutilizes the resourcesof othersearchengines.Eachsearchengine

hasanattitudetowardsa metasearchengine.Therearethreepossibleattitudes:cooperative, non-

cooperative but not hostile,andhostile. Eachof theseattitudeshasimplicationsfor theability of

a metasearchengineto locateusefulresults.In addition,a metasearchengine,throughits actions,

canaffect theattitudeof othersearchenginestowardsit.

� cooperative – A searchengineworkswith a metasearchengine,eitherthroughspecialinter-

faces,earlynotificationof interfacechanges,or possiblyprivateaccessto their resources.

� non-cooperative, but not hostile– A searchengineis mostly indifferentto a metasearchen-

gine. In general,blockingis notperformed,andno specialaffordancesareprovided.

� hostile– A searchengineforbidsaccessby ametasearchengine.Oftencarriedoutby techni-

calmeans,i.e.,blockingor difficult to parseinterfaces,requiredauthentication,usertracking,

etc.,This attitudeimpliesa strongdesirenot to beremotelyqueried.In theextremecase,a

hostilesearchenginemayuselegal remediesto stopremoteaccessesby aspecificparty.

The bestrelationship,from the perspective of a metasearchengine,is a cooperative one. A

searchenginethat is cooperative will take actionsto assista metasearchengine,suchasproviding

a privateinterfaceor makingdesignalterationsto facilitatesearching.In general,this relationship

will notoccurwithout someform of incentive, suchaspaymentfor eachquery.

Thesecond,andprobablymostcommon,typeof relationshipis non-cooperative,but nothostile.

A searchengineof this typewill permita metasearchengineto queryit, but will not make special

affordances.A searchenginemayallow metasearchengines,without helpingthem,aslong asthe

perceivedresourceburdenis keptsmall.For example,asearchenginemightnotblockametasearch

engineif fewer than10,000queriesaresentperday. Our researchassumesall searchenginesthat

arequeriedhave this typeof attitude.

Thethird typeof relationshipis hostile.A searchenginethatdoesnotwantametasearchengine

queryingit, andtakesactionsaccordinglyis saidto behostile.Typically, hostilesearchengineswill

usetechnicalmeanssuchasIP addressor USER-AGENTbasedblockingmechanisms.A persistent

metasearchenginecouldbeviewedasparticipatingin a limited denialof serviceattackandmight

bestoppedthroughlegal action.

Theattitudesaffect theability for ametasearchengineto provideusefulresultsin severalways.

First,asearchenginethatis hostilewill make it difficult or impossibleto bemetasearched.Second,

a searchenginemay changeits interfaceor orderingpolicy at any time, andif the relationshipis
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not cooperative, themetasearchenginemayrequirehighermaintenancecosts.Third, acooperative

searchenginemaymake specialaffordances,suchasproviding extra informationalongwith each

result,improving theability for a metasearchengineto scoreresults,possiblywith lower resource

costs. A cooperative searchenginemay provide, throughspecialinterfaces,lower latenciesthan

would befoundthroughthenormalinterface,reducingtheeffectsof thetemporalsearchproblem.

A metasearchenginecanaffect theattitudestowardsit. A metasearchenginethatsubmitsmany

requestsper day to a searchenginemight causethat searchengineto becomehostile; askingfor

moreresultsis almostidenticalto makingadistinctrequest.Thewebsearchhorizonshouldbekept

as low aspossibleto minimize the total numberof requeststo any searchengine. A metasearch

enginethat performssourceselectionmay be ableto spreadthe total queryload amongmultiple

searchengines.A metasearchenginethat performscachingof searchengineresponsesmay also

reducethe total numberof queries. Therearealsotechnicalmethodsthat canbe usedto reduce

accountabilityof queries.For example,a personalmetasearchengine,suchasSherlock,makesall

queriesfrom a user’s machineinsteadof a centralserver. Distributing the loadmakesit harderto

attributeall therequeststo asinglesource,reducingthechanceof beingblocked.

3.7 Multiple InterfacesProblem

A metasearchenginesubmitsqueriesto several searchenginesandextractsthe resultsfrom

their responses.Eachsearchenginehasa uniqueinput interfaceand a uniqueoutput interface.

Therearenot currentlyany widely usedstandardsfor searchengineinterfacedesign.The lack of

standardizationof boththeform of theinterfacesandtheir functionalitycanmakemetasearchmore

difficult. To formulatea valid websearchenginerequestor to extract resultsfrom a searchengine

responsepage,ametasearchenginemusthaveknowledgeof thespecificinputandoutputinterface.

Changinginterfacescauseshighermaintenancecostsfor ametasearchengine.

In additionto themaintenancecostsassociatedwith a changinginterface,the interfacediffer-

encespresentaproblemfor theresultprocessorandscoringmodule.Outputinterfacesmayprovide

differentandoftenirreconcilablefields. For example,onesearchenginemaypresenta title, URL,

anda documentsummary, while anotherprovidesa title, URL, query term context anddatelast

crawled. Theresultprocessormustbeableto extracteachfield, andwhenpossiblereconcilethem.

Two searchengines,eachpresentinga lastchangeddate,mayusedifferentformats,or two search

enginesmaybothpresenta “relevancescore”thatwascomputeddifferently. Theresultprocessor

mayhave many differentfields for eachsearchengine.Thescoringmodulemustbeableto score

documentsappropriatelygiventhedifferencesin thedocumentmetadata.
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A fusionpolicy mayallow combinationof resultsfrom differentsearchengines.Section3.1.5

describesfusion policiesin moredetail. If individual resultsareto be scored,it is necessarythat

eachdocumentto bescoredhasappropriatemetadata.

Researchon wrapperscan allow for eachsearchengineto be representedby a stand-alone

pieceof codethatcanbemaintainedby a third party, allowing for morerapidresponseto interface

changes.Apple’s Sherlockwill automaticallydownloadthemostrecentparsingcodefrom Apple

eachtime Sherlockis started. It may alsobe possibleto generatewrappersfor a searchengine

automatically, furtherreducingthemaintenancecosts.

To deal with differencesin the semanticsof the output interfaces,researchhas beendone

on integrating ontologiesinto searching. Work by Weinsteinon differentiatedontologiesstud-

ies the ability to learn how to communicatewhen there is a subtle conceptuallanguagedif-

ference, such as one agent not knowing the color pink but understandingshadesof red

[WeinsteinandBirmingham,1999]. The University of Michigan Digital Library developedand

utilized ontologiesfor usewith describingcollectioncontents,aswell asfor the input queriesto

them [Atkins et al., 1996].

Ourwork reducesthisproblemthroughimprovementsin theresultprocessorandscoringmod-

ules.Downloadinga documentproducesa uniform setof attributesto enablescoring,independent

of whatfields werereturnedby a searchengine.The resultprocessor, usinga selective download

module,will downloada resultif thereis not sufficient informationavailableto scoreit. Theresult

processorwill alsoutilize knowledgeaboutthesearchengineto aid in thescoring.For example,re-

sultsfrom asearchenginethatspecializesin researchpapersareall assumedto beresearchpapers.

The scoringmoduleallows scoringof resultsthat weredownloadedandhave the full document

information,or resultsthatwerenotdownloaded,but have sufficient metadatato scorethem.

Theapproachof allowing smartdownloadingof resultsallowsall resultsto bescored,regardless

of the searchengine,andwhena searchenginehasa field the userdesires,the resultsmight not

be downloadedfor a performanceboost. For example,a result returnedby a searchenginethat

providesa datemight be scoredwithout downloadif theuserwassearchingfor “current events.”

However, a general-purposesearchenginethat did not provide a datecould still be used,but all

resultswould likely have to bedownloaded.

3.8 Metasearch EngineProperties

Thesimplestmetasearchenginewill take auserqueryandsubmitit to multiplesearchengines,

combiningthe results.Therearemany featuresa metasearchenginecanutilize to improve effec-
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tivenessandperformance.The first propertywe describeis source selection. Sourceselectionis

the ability for a metasearchengineto determineat querytime which sourcesto queryto balance

resourcecostswith theexpectedsearchbenefits.A simplemetasearchengine,suchasDogPile,may

alwaysquerythesamethreesources,while a moreadvancedtool suchasProFusionmaydecideto

querya differentsetof threebasedon theexpectedperformanceor expectedquality of resultsfor

theprovidedquery.

A secondpropertyof a metasearchengineis querymodification. Querymodificationis usedto

enhancethequality of theresults.TheWatsonprojectsubmitsuserqueriesbothto special-purpose

and to general-purposesearchenginesas appropriate.Whenqueryinga generalpurposesearch

engine,thequeriesaremodifiedto reflecttheuser’s searchcontext. A usersearchingfor webpages

aboutfirearmsin thecontext of theearlyUS history, usinga queryof firearm, would probably

preferresultsrelatedto thecreationof theBill of Rightsor theuseof firearmsin theRevolutionary

Warof theUS to a recentarticleabouttheNRA. Thequeryfirearm will containbothusefuland

not useful results,but the queryfirearm US history may narrow the focus. Our research

focusesonthreepropertiesaquerymodificationcanhave: Source-dependent,category-specificand

non-obvious.

A third propertyof a metasearchengineis called independentresultscoring, or the ability to

scorea result independentof the setof alreadyfound results. Sherlockpresentsresultsbeforea

searchis completed.Whena new resultis found,thescoresof thealreadyreturnedresultsdo not

change.Independentresultscoringenablestheuseof anincrementalinterfacethatwill not change

therelative rankingof alreadyreturnedresults.

3.8.1 SourceSelection

Theprimary advantageof a metasearchengineis a substantialimprovementin coverageover

any singlesearchengine.Thetotal coverageof a metasearchengineis relatedto thecoveragesof

the individual searchenginesqueried.Onecould, therefore,concludethat to maximizecoverage,

a metasearchengineshouldqueryall possiblesearchenginesall of the time. Although coverage

may be increasedby queryingmoresearchengines,queryingis not free, andin somecasesmay

harmtheresultquality. Becauseof the temporal search problemandlimited cooperation problem,

thereis incentive to queryonly searchenginesthatarelikely to benefittheuser. Queryingtoomany

searchenginescanslow thesearchdown, andcausethesearchenginesbeingqueriedto changetheir

attitude,aswell asincreasethelocalnetwork costsfor themetasearchengine.In addition,querying

a searchenginethatdoesnot returnany usefulresultswasteslocal processingresourcesandangers

theuser, whomaybeforcedto examinelargenumbersof undesirableresults.
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Figure3.6 statesthat a searchenginemustdeterminea setof requests,from which the setof

resultsarederived. If a metasearchenginedoesnot querythesamesetof searchenginesfor each

userquery, it is said to have the propertyof sourceselection. Sourceselectioncan be usedto

improve theprecisionof thesearchandlower thesearchcostsby queryingonly “good” sources.

Several metasearchenginesperformsourceselection. Most metasearchenginesthat perform

sourceselectionexplicitly acknowledgetheresourcecostsin theirpublishedpapers.

ThemetasearchengineSavvySearchdeterminesthenumberof searchenginesto querybased

on the currentsystemload. As the load increases,fewer searchenginesare queriedper user

search[Howe andDreilinger, 1997]. The Watson project automaticallychoosesthe most ap-

propriatespecial-purposesearchenginesbasedon the user’s searchcontext [Leake etal., 1999,

Budzik andHammond,1999]. SavvySearch also allows users to specify a search cate-

gory, such as auctionsor news, and only searches“appropriate” special-purposesearchen-

gines [Howe andDreilinger, 1997]. ProFusioncan perform sourceselectionbasedon the pre-

dictedsubjectof the query[Gauchetal., 1996]. ProFusionalsoallows usersto specifythat only

the fastestsearchenginesbe queried,choosingsearchenginesbasedon expected(time) perfor-

mance[Gauchetal., 1996].

Sourceselectionmayalsobeusedasameansof varyingsourcesqueriedto improve scalability

and reducethe chanceof a negative attitudechangeby a queriedsearchengine. A metasearch

enginethatqueriesthesamethreegeneralpurposesearchenginesfor everyquerycanprocessfewer

simultaneousqueriesthanametasearchenginethatchoosesthreerandomsearchenginesfrom aset

of onehundred.

Our work focuseson need-basedsource selection. Usersprovide a category in addition to

their subjectquery. Thespecifiedcategory is usedto selecta setof searchengines(andassociated

querymodifications)thatareexpectedto provide thebestbalanceof precisionandrecall. Choos-

ing sourcesbasedon user’s specifiedneedcanenabletheappropriateselectionof special-purpose

sources,evenwhentheuser’squerymaybeambiguous.Combiningtheselectionof thesourcesand

the selectionof querymodificationscanallow useof general-purposesearchenginesfor special-

purposequeries. Sendinga vaguequery to a general-purposesearchenginemay have very low

resultprecisionwhenthe userwaslooking for resultsof a specificcategory. Chapter6 describes

theprocedureusedby Inquirus2 to learnthesearchenginequerymodificationpairs.Thedatafrom

our learningproceduredemonstratesthatfor somecases,asimple,unmodifiedquerymayhave less

than2%precisionfor aspecificcategory whensentto ageneral-purposesearchengine.
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3.8.2 Query Modification

Querymodificationis theprocessof alteringa user’s querywith theintentionof improving the

resultquality, usuallyprecision.Most metasearchenginesperformsyntacticquerymodification, or

modifying the “symbols” without alteringthe “meaning” of the query, to ensurethe target search

engineinterpretsit correctly. In additionto syntacticmodification,thereareothertypesof query

modifications.First, we discusshow querymodifications,other thansyntacticmodifications,are

currentlyusedin metasearchenginesor relatedsystems.Secondwedefinethreedimensionsthatcan

beusedto comparequerymodifications:Sourcedependent,category dependent,andnon-obvious.

Whenformulatingaqueryto asearchengine,it is essentialthatthequerybeconsistentwith the

publishedrulesfor thesearchengine,for examplerulesthatspecifyto put a “+” (plus) in front of

every “required” term,or to usetheterm“AND” to indicatethatseveral termsarerequired.These

simple rulesrefer to the syntaxof the query; to modify the syntaxwithout altering the meaning

(semantics)the modification is called a syntacticmodification. Typically semanticor syntactic

modificationisperformedby thedispatcher, in therequestgeneratorsub-module,asshown in Figure

3.2.

In addition to syntacticmodification,queriesmay be modified in a way that alterstheir se-

mantics(meaning).Severalbasicmethodsarecurrentlyusedto producemodifiedqueries.Some

systemswill make useof anontologyor thesaurusto modify thequerytermsto alter theexpected

numberandspecificityof theresults(theprecisionrecallbalance).SomesystemsmayuseWordNet

to find relatedconcepttermsto broadenor narrow thequery, or to generalizea concept.Question-

answeringsystems,suchasthework of Agichteinusequerymodificationsto improve thechance

thata searchengineresultanswersthequestion [Agichtein etal., 2001]. For exampletheoriginal

queryWhen was George Washington born? may be modified to ‘‘George Wash-

ington’’ was born or ‘‘George Washington’’ lived.

Somework on queryreformulation,suchasthework by Belkin, allows usersto chooseextra

wordsor featuresto helpclarify their informationneed[Belkin, 2000]. Queryreformulationis typ-

ically donein amulti-stepprocess,andthefinal queryis amodification,typically formedby adding

extrawordsor phrases,of theoriginalpresentedtopicalquery. Belkin describedhow modifications

chosenby auserwerenotalwaysaseffective aslessobviousonesrecommendedby thecomputer.

ThemetasearchengineWatsonconsidersa user’s context whenformulatingqueriesto general-

purposesearchengines.Theuser’sworkingdocumenthelpsto clarify theuser’ssubjectarea,which

is usedto modify thequery [Budzik etal., 2000].

Wedefinethreepropertiesof querymodificationsthatrelateto theability to locateusefuldocu-

ments:
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Sourcespecific: Sourcespecificdescribeshow mucha particularquerymodificationtakesad-

vantageof specificfeaturesor knowledgeof thesourceto which it is applied.For example,know-

ing a searchengineallows stemmingcanbe usedto improve querymodificationsto that search

engine. Likewise, somesearchenginesallow querieson specificfeaturessuchas title or URL.

Sourcespecificquerymodificationscanbe moreeffective at finding on-category documentsfrom

a general-purposesearchengine. Chapter6 describesour procedurefor learningsource-specific

querymodifications,which demonstratesa wide variationof the effectivenessof querymodifica-

tions acrossdifferentsearchengines.The level of specificity is a function of the knowledgeand

featuresutilized.

Categoryspecific: Categoryspecificrefersto theability for aquerymodificationto find results

that areof a specificcategory. The level of category specificitycanbe determinedasa function

of theprecisionof thereturnedresults.A category-specificquerymodificationcantake advantage

of anunderlyinguserneedby focusingon the“category” ratherthanthesubjectof thequery. For

a given category there is a reasonabledomainof input queries. For examplefor a category of

“researchpaperauthors”thequeryinput domainwouldbeauthornames.A goodcategory-specific

querymodificationshouldperformequallywell for any querywithin thisdomain.Theeffectiveness

of category-specificquerymodificationscanbemeasuredbasedontheprecisionof returnedresults.

It is alsodesirableto considerrecallandconsistency acrossqueries.

Non-obvious: Query modificationsmay not always make senseto a human. Non-obvious

query modificationsare thosethat do not make senseto the uninformed,and or are unlikely to

beguessedasbeingeffective. An exampleof a non-obviousquerymodificationcouldberequiring

the title to containthe phrase“s home” when trying to find personalhomepages.Although this

querymodificationmight make senseto somepeople,it is unlikely to be guessed,andin general

demonstratesvery high precision(in the areaof personalhomepages).Chapter6 describesour

procedurefor learningquerymodifications. For the category of productreviews, the top ranked

querymodificationfor the searchengineof AllTheWeb, wasaddingreviews t. The addition

of “reviews” makessense,but addingof “t” is clearly non-obvious, andwould be unlikely to be

guessedby ahuman.

Query modificationsusedby Inquirus 2 were learnedusing QMLP as describedin Chapter

6. QMLP is designedto take advantageof knowledgeandsomefunctionsspecificto eachsearch

engine.The learnedquerymodificationsarealsooptimizedfor thegivencategory, andsincethey

arelearnedcanbe non-obvious. Chapter5 describesthe effectivenessof the querymodifications

usedby Inquirus2.
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Figure3.8: A flow chartdiagramof aninterfacethatdisplaysscoredresultsassoonasthey areprocessed,

assumingthepropertyof independentresultscoring

3.8.3 Incr emental Interface

Oneof the problemsfacedby a metasearchengineis the temporal search problem, described

in Section3.5. A metasearchenginemay be requiredto wait seconds,or even minutes,beforea

searchcanbecompleted.Theoverallutility of asearchmaybereducedasthetimefor thesearchto

produceresultsis increased.Oneapproachto reducingtheeffectsof this is theuseof a incremental

interface. Although the total searchtime may not be reduced,the time until a userseesuseful

results,theperceivedsearchtime,maybereduced.

Apple’sSherlock,andInquirus [LawrenceandGiles,1998a] bothlist resultsasthey arefound.

Sherlockwill insertresultsinto thecorrectpositionbasedon score. Inquiruswill list resultswith

context, regardlessof final rank,until it hasprocessedenoughresults,afterwhich it producesa full

ranking.
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3.8.4 Independentresult scoring

Thepropertyof independentresultscoringis that thescoreof any resultcanbecomputedin-

dependentlyof all other results. A metasearchenginethat considerslink structureor statistical

informationabouttheretrievedsetcannotscoreresultsindependently. However, usingproxy infor-

mationthatdoesnot changeasnew resultsarefoundmaypermitindependentresultscoring.

Independentresultscoringenablesanincrementalinterface.Figure3.8showsabasicflow chart

of anincrementalinterfacewhich takesadvantageof independentresultscoring.Figure3.7shows

a flow chartof a typical interface,whereresultsarescoredafter they areall processed.A system

with independentresultscoringdoesnotneedto haveanincrementalinterface,it only requiresthat

scoresbecomputedindependentlyof theotherresults(bothalreadyseenandnot yet seen).
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CHAPTER 4

Preference-BasedMetasearch

A preference-basedmetasearchengineis a metasearchenginethat incorporatesexplicit user

preferences.Explicit preferencesare usedto improve the ability to find useful documentsand

improve performance.

Threewaysto utilize explicit userpreferencesin apreference-basedmetasearchengine:

� Improve theability for ametasearchengineto locateusefuldocuments

� Improve theability for ametasearchengineto identifyadocumentasuseful

� Improve performanceby reducingsearchlatency andloweringresourcecosts

This ChapterpresentsInquirus2, our preference-basedmetasearchengine. Inquirus2 imple-

mentsarchitecturalimprovementsto eachcomponentof thestandardmetasearchenginearchitec-

ture,reducingsearchcostsandperceived latency, improving theability to locateusefuldocuments

andimproving theability to identify adocumentasuseful.

Sub-component Impr ovements

Userinterface Input interfaceprovidesan option for a searchcategory andoutputinterfaceis incre-

mental

Dispatcher Need-basedsourceselectionandsourcespecific,category-specificquerymodification

ResultProcessor Intelligentselectiveresultdownload

Scoringmodule Need-basedscoring

Table4.1: Inquirus2 architecturalimprovements

Inquirus 2, an extension of the architecture of Inquirus [LawrenceandGiles,1998a,

LawrenceandGiles,1999b], is a content-basedpreference-basedmetasearchengine. A userof

Inquirus2 describesthetopic or subject,via a topicalquery, andspecifiespreferences,in theform
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Figure4.1: Theimprovedresultprocessorof Inquirus.

of acategory, to aid in locatingandinterpretingresults.Similar to Inquirus,Inquirus2 performsin-

formationgatheringactionsin theform of downloadingresults.Unlike Inquirus,Inquirus2 chooses

sourcesandquerymodificationsto improvetheprecisionof theresults,andutilizesamoreadvanced

incrementalinterfaceto reduceperceivedlatency.

4.1 Inquirus

ThemetasearchengineInquiruspresentsseveral improvementsover a standardmetasearchen-

gine. Inquirusis a content-basedmetasearchenginesinceit utilizes full documentcontentswhen

makingbothscoringanduserinterfacedecisions.Full documentcontentsareobtainedthroughthe

relatively expensive informationgatheringactionof downloadingall results.

The main architecturalimprovementsof Inquirusover a regular metasearchengineareto the

resultprocessor. Figure3.3 shows a sampleresultprocessorfor a typical metasearchengine. In

a typical result processor, responsesfrom the searchenginesare processed,then eachresult is

extractedandsentto thescoringmodule.Figure4.1shows theresultprocessorusedby Inquirus.In

theresultprocessorof Inquirus,pagesassociatedwith theURLsextractedfrom theresultsreturned

by eachsearchenginearedownloadedandanalyzed.Individual summaryinformationprovidedby

thesearchenginesis notdirectlyconsideredby Inquiruswhenscoringresults.

4.1.1 Inquirus ResultProcessor

The Inquirus resultprocessor(Figure4.1), as in the resultprocessorof a regular metasearch

engine,Figure3.3,takesasinputwebpages,andoutputsresultswith theirassociatedattributes.The
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differenceslie in boththedetailof theattributesfor eachresultandthespecificactionstaken.Details

of theimplementationof thearchitectureof Inquiruscanbefound in [LawrenceandGiles,1998a,

LawrenceandGiles,1999b].

Therearefivesub-componentsof theInquirusresultprocessor:

Page retriever: All responsesfrom the web are processedby the pageretriever. The page

retriever mustassociateany informationwith the requestedURL, aswell asensurethat thepages

areproperlydownloaded;i.e. no errors.Eachrequestedpagemayhave someassociatedmetadata,

suchasthetimeor natureof therequest,thesourcesearchenginethatreturnedtheresult,etc.Also,

receivedpagesmayhaveerrors,suchaspagehasmoved. Sucherrorsrequirespecificactionsby the

pageretriever.

PageRouter: For atypicalmetasearchengine,all webpagesreturnedareresponsesfrom search

engines.However, for Inquirus,a web pagereturnedcould be eithera searchengineresponseor

a web pagethat wasrequestedfor download. Basedon the URL andinformationfrom the page

retriever, the routerdeterminesthe modulethat processesa particularpage. If a pageis a search

engineresponse,andnot anerror, it is sentto theresultextractorfor processing.If it is a response

of a download request,it is sentto the pageprocessorso the necessarydatafor scoringcan be

extracted.

Result Extractor : Similar to the resultextractorof a typical metasearchengine,asshown in

Figure3.3, the resultextractorextractsthe individual resultsfrom a searchengineresponse.The

resultextractorfor Inquirusdoesnotneedto extractsearchengineresultsummaries,only theURLs.

The resultextractorof Inquirusalsoextractsthe URL for the “next” searchresults,to be usedto

requestmore resultsfrom the searchengine. For eachresultextracted,and the “next” URL (as

needed),a requestis sentto therequestsubmitterto bequeuedfor download. Theresultextractor

keepstrack of alreadyrequestedURLs to prevent duplicaterequestsandstoresbasicinformation

abouteachresultURL, suchasthesourcesearchengine,for displayandanalysispurposes.

Althoughnot explicitly shown, Inquirusutilizes a specializedcache.Thecacheperformstwo

purposes:first, webcachingis usedsothatURLs in thecache(andconsideredsufficiently recent)

do not needto bedownloaded.Second,Inquiruscachesspecificresultsfor specificqueryterms.A

duplicatequerymayjump directly to alreadyknown resultscontainingtheprovidedquery.

Requestsubmitter: Eachresultreturnedfrom a searchenginemaybe queuedfor download.

The requestsubmittermanagestheprocessof requestingURLs, eitherpagesfor download,or re-

questsfor moreresultsfrom a searchengine,generatedby the resultprocessor1. Sincethis could

potentiallymeanhundredsof URLs requested,it is necessaryto performbasicprioritization and
1Thedispatcheralsohasa resultsubmitterwhich managesoriginalwebsearchenginerequests.
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resourcemanagement.In thesameway a crawler mustnot overwhelmindividual webservers,the

requestsubmittermustbalancethe resourcesutilized andthe expectedburdenfor any given web

server.

PageProcessor: Inquirusdownloadseachresult. Theseresultsmustbeprocessedbeforethey

canbescored.Thepageprocessorperformsseveraltasks:

� Examinesthelocationof userquerytermsfor relevanceprediction

� Generatesquerycontext summariesfor laterdisplayby theoutputuserinterface

� ExtractsURLs on pagefor analysisof possiblehubsandauthoritiesusinga modifiedKlein-

berg algorithm

� Considerscommonphrasesor otherfeaturesto beusedfor alternatetermrecommendation

� Performsappropriateloggingandstatisticalanalysis

SinceInquiruscomputestopical relevancelocally, it mustanalyzethe locationandfrequency

of eachquery term in eachresult. The actual function usedfor result scoring is describedin

[LawrenceandGiles,1998a] and is similar to the topical relevancefunction usedby Inquirus2.

Section4.1.2describesthescoringmoduleof Inquirusin moredetail. To preserve thepropertyof

independentresultscoring,thepageprocessorof Inquirus2 did not implementall of thefunctions

of theInquiruspageprocessor.

Downloadingeachdocumentprovidestheability to generatethesummaryinformationprovided

by the outputuserinterface. Inquirusdisplaysquerycontext informationto allow usersto better

predictif a presentedresultwill beusefulor not. Thepageprocessor’s secondtaskis to extractthe

querycontext for displayby theoutputuserinterface.

The pageprocessoralsoextractsall URLs. Many searchenginesconsiderweb link structure

whenrankingpages[Brin andPage,1998]. In addition,consideringlocal link structuremaybeuse-

ful whentrying to identify hubsor authorities[Kleinberg, 1999]. Inquirususesa slightly modified

hub authorityalgorithmthat utilizesonly theURLs found from the resultsreturnedby thesearch

engines[LawrenceandGiles,1999b]. This algorithmmaydiscover authoritiesthatwerenever re-

turnedby thesearchengines,but werelinkedto by many results.

4.1.2 Inquirus Scoring Module

Thescoringmoduleof Inquirusis responsiblefor computinga relevancescorefor eachresult.

Equation4.1 shows the scoringequationused. To predict topical relevance,Inquirus considers
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threefactors:The percentageof querytermsthatoccur, the relative proximity of thequeryterms

to eachother, andthetotal numberof occurrences.A documentmissinga querytermis likely not

astopically relevant asonethat containsthemall. A documentwherethequerytermsoccurasa

phrase,in closeproximity is likely moretopically relevantwherethequerytermsoccurfarapart.A

documentthatmentionsthequerytermsmany timesis likely moretopically relevant thanonethat

mentionsthequerytermsonly once.Equation4.1balancesthesethreefactorswith theweights � Q ,��U , and � � . ���
is thenumberof querytermsthatoccuranywherein thedocument,

���
is thenumber

of timesthequerytermsoccur. Theproximity is computedusinga distancemetricbetweeneach

queryterm. Inquirususedvaluesof 5000,100and1 for � Q , ��U , and � � respectively. Theseweights

produceanorderingwherethe theword proximity andquerytermoccurrencesactastie breakers

for documentswith thesamepercentagesof thequeryterms.

�	��

������� � 
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Althoughtherelevancescorescanbecomputedindependently, Inquirusdoesnot utilize anin-

crementalinterface that preserves relative result rank. However, Inquirus doesreturn resultsas

found, with context information,but without a score. The incrementalinterfaceof Inquirusboth

provides feedbackthat the systemis working andallow usersto click on resultsprior to search

completion.Querytermcontext helpsa userto determineif a resultis likely to beusefulfor their

needs[Lawrence,2000]. In additionto computinga relevancescore,Inquiruscomputesanapprox-

imation of the hub andauthorityscoreby utilizing the link structurefrom the setof all retrieved

results.It is possibleto returna pagethat is anauthoritybut whoseURL wasnot returnedby any

of thequeriedsearchengines,becausemany pagescontainlinks to theURL. Thecomputationof

hubsandauthoritiescannotbecomputedindependently, sinceeachdocumentfoundcanchangethe

scoresof otherURLs.

4.1.3 Content-BasedMetasearch

Inquirusis acontent-basedmetasearchengine.Content-basedmetasearchhasmany advantages

anddisadvantageswhencomparedto ametasearchenginethatis not content-based.

Advantagesof content-basedmetasearchascomparedto a metasearchengineusinga fusion

policy:

� Reduceslimited-informationproblem;cantheoreticallyimprove ability to predictusefulness

by utilizing thefull HTML of eachresult;
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� Hasaccessto a limited view of thewebstructure;canbe utilized to locateotherresults,as

well asprovide partialhubor authorityinformation;

� Guaranteesmostrecentversionof eachresultisutilized,significantlyreducingseveralaspects

of thecoherenceproblem;and,

� Canutilize full pagetext for improveddisplayof results.

Disadvantagesof content-basedmetasearchascomparedto metasearchenginesthat utilize a

fusionpolicy:

� Significantlyworsenstemporalsearchproblem,assearchtime is increaseddramatically

� Significantlyincreasesresourcerequirements,reducingscalability.

Content-basedmetasearchenginesperforminformation-gatheringactionsto permitthemto uti-

lize anorderingpolicy asopposedto fusingresults.Unfortunately, thetypicalinformation-gathering

action,downloadinga result,canbevery expensive, severelylimiting thescalability.

The scalabilityof a metasearchengineis fundamentallylimited by the availableresourcesof

thesearchenginesit queries.Downloadingof everyresultemphasizesthelocalnetwork throughput

limits. A web searchenginetypically hasa wide inboundnetwork pipe allowing thousandsof

simultaneousrequests;a low-capacityweb server may only be ableto handlea few requestsat a

time, limiting theability for download.Paralleldownloadmightnotbereasonableif severalresults

resideon thesamewebserver.

Oneapproachto reducingtemporalandotherresourcecostsfor downloadingresultsis theuse

of awebcache.InquirusandInquirus2 bothutilize webcachesfor thispurpose.Theperformance

gainof awebcacheis dependentonthespecificrequestsmade.A systemthatmakesmany requests,

often for the samepages,will benefitmost. A systemthat is usedinfrequently, or that rarely has

a duplicaterequest,will benefitvery little. Web cachesmusthandlepageswhosecontentsmay

change.Many sitesinstructwebclients(or caches)to not cachetheirpagessincetheir contentsare

frequentlyupdated.As a result,suchpagesmaynot offer any resourcesavingswhena webcache

is used.In thelimit, awebcacheapproachesthecontentsof a searchenginedatabase.

4.2 Inquirus 2 Ar chitecture

Inquirus2 is anextensionto thearchitectureof Inquirus.Eachsub-componentof thearchitec-

ture of a metasearchengineis improved asdescribedin Table4.1. Eachof theseimprovements

directly relatesto oneor moreof theproblemsdescribedin Chapter3.
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Inquirus2 providesseveralimprovementsoveragenericmetasearchengineandacontent-based

metasearchengine. Inquirus2 explicitly considersextra-topicaluserpreferencesthroughoutthe

searchprocessto improve the ability to locateand identify useful results. Inquirus 2 also uses

selective download to reducesignificantly the numberof documentsdownloaded,reducingtime

andnetwork costs.To reduceperceived latency, scoredresultsaredisplayedwhenthey arefound

usinganincrementalinterface.

In thenext severalsections,wedescribethedetailsof thearchitectureof Inquirus2. Thespecific

implementationdetailsaredescribedin 4.3. Userpreferencesaffect theselectionof searchengines

andthewaythey arequeried,aswell ashow resultsarescored,breakingthe“one-size-fits-all”mold.

Two userswith the samequery, but different (extra-topical)preferences,might searchdifferent

sources,with different(modified)searchenginerequests,andresultswouldbescoreddifferently.

4.2.1 User Interface

The userinterfaceof Inquirus2 hastwo major improvementsover the interfaceof a typical

metasearchengine.First, the input interfacemakespreferencesexplicit in the form of a category.

Second,theoutputinterfaceis incremental;i.e., asresultsarefoundthey arescoredanddisplayed

immediately.

Input user interface

Theinput userinterfaceof Inquirus2 requiresusersto provide a category for their query. Our

interfacewas designedto make extra-topicalcategory information explicit, althoughit is likely

that a betterinput interfacecould bedeveloped.Figure4.2 shows thesimpleversionof the input

interface.A userentersa query(topical)andthenchoosesherdesiredcategory from thepresented

options(therearecurrentlyeightdefault categories).Our interfaceis “single-click” in thata single

click choosesthecategory andbeginsthesearch.

Theexplicit categoryselectionhelpsto clarify theuserquery, providing moreinformationabout

herinformationneedthanaqueryalone.Thisinformationisutilizedto choosethesourcesandquery

modifications,aswell asto selecttheresultscoringfunction.

Foroursimpleinterface,weprovidedeightdefaultcategoriesfrom whichtheusercouldchoose.

Any authenticatedusercanmodify thecategorieslistedon hersimpleinterface.Table4.2provides

a list of the eight default categoriesandtheir description. This interfacemakes it easyto utilize

a small list of categories,but it is unlikely that this type of interfacewould scaleto thousandsof

categories.

In thesimpleinterface,besidesenteringa queryandchoosinga category, a userhastwo other

options. A usercanspecifythenumberof resultsthesystemprocesses,between10 and500,and
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Figure4.2: TheSimpleInput Interfaceof Inquirus2

canspecifythetypeof outputinterface,Java,Javascript,or plain HTML.

Theadvancedinterfaceaddsseveralcategoriesandoptionsfor theuser. Table4.3describesthe

availableadvancedinterfaceoptionsandtheir description.

For both the simpleandthe advancedinterfaces,the list of possiblecategoriesis determined

runtime. Prior to theuserstudy, Inquirus2 provideduserswith theability to log in andcustomize

their personalinterface. Any usercould easilychoosewhich categoriesto display, andwhat text

wason eachbutton. Inquirus2 supportstheability for individual usersto have differentpersonal

categories. At the time of this writing, it did not supportthe ability for externalusersto create

customcategories,eventhoughtheprocesshasbeenautomated,asdescribedin Chapter6.

Output user interface

To reducetheperceived searchlatency, andto improve theability for usersto identify a result

asuseful,Inquirus2 utilizesanincrementaloutputinterfaceandquery-termcontext. As resultsare

scoredby thesystem,they areimmediatelysentto theinterfacefor display. Eachresultprovidesa

score,title, URL, andquery-termcontext. Thescoreis basedonboththeuserqueryandthechosen

preferencecategory. Query-termcontext provides usersextra information abouthow particular

querytermsareusedin eachdocument,allowing a userto predictmoreaccuratelyif a document

is likely to be usefulfor her needs.To improve compatibility, Inquirus2 supportsthreedifferent

incrementalinterfaces. The Java-basedincrementalinterface is the most powerful, but may not

operateon all browsers.TheJavascript-basedincrementalinterfaceonly allows thetop four results

to bedisplayed.TheHTML 1.0-compliantinterfacewill work onall browsers,but doesnotre-order

listedresultsbeforethesearchhascompleted.

Java interface

Figure4.3 shows a screenshotof theJava incrementalinterfacefor a searchin progress.The
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Name Description

Topicalrelevance This category is a default category whennoneof theotherswork; only thequeryis consid-

ered

Personalhomepages A useris searchingfor eithersomeone’s homepage,or aperson’shomepageaboutasubject

ResearchPapers Queryis treatedaseithera researchpapersubjector anauthorsname

ProductReviews Pagesthat arereviews, intendedfor hardwareor softwareproducts,but alsodesignedto

work for movies,musicor any otherreview page

GuideFAQ how to Pagesthatareguidesabouta topic, a FAQ abouta topic, or a general“how to” document

abouta topic

Callsfor Papers PagesaretheactualCFPfor a conference,meeting,or workshop.Pageswhich simply list

many CFPsby namearenotcounted.Dateis not consideredin this category

Genealogy Pagesrelatedto genealogy, suchasfamily trees,informationon immigration,pagesrelated

to locatinginformationabouta personsheritageor history

ergonomics Pagesrelatedto ergonomicproducts,or RSI andrelatedconditionsaswell asgeneralRSI

andrelatedinformation

Table4.2: Categoriesfrom Inquirus2 simpleinterface

listedresultsarealwaysin sortedorder, with new resultsinsertedasappropriate.A usercanclick on

any resultandview theresultantwebpagein anew window to preventinterferencewith therunning

search. The interfaceretainsthe statusof eachresult and setsthe color accordingly: unclicked

resultsareblue,clicked resultsareblack,andthecurrentlyselectedresultis red. A usercanscroll

up or down in the list of resultsto seeany block of ten results. As new resultsarefound, the set

of resultsin any given range,say11-20,canchange.The Java interfacealsosupportsthe ability

for usersto changescoringcriteriawhile thesearchis runningby clicking on the“Sort +” button.

Section4.3.1describesthedesignof theappletandinterfacearchitecturein moredetail.

Option Description

Hits Thenumberof resultsthesystemwill process:10 - 500

Display Choiceof displayquerytermcontext, summaries,or just theURLs

Displaynum Thenumberof charactersof querycontext: 50 – 200

Tracking Enableor disableresultclick tracking

Java Choosetheformatof theoutputinterface,eitherJava,Javascript,Firewall,

or standardHTML

Category This optionallows theuserto specifythedesiredsearchcategory

Table4.3: Inquirus2 advancedinterfaceoptions
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Figure4.3: IncrementalJAVA interfaceof Inquirus2

Figure4.4: IncrementalJavascriptinterfaceof Inquirus2

Javascript output interface

Sincesomeuserscannotor do not wish to enableJava, we createda Javascriptversionof the

incrementalinterface.Figure4.4showstheJavascriptincrementalinterface.LiketheJava interface,

the resultsarealwayskept in sortedorder. Unlike the Java interface,thereareno useroptions,

andonly the top four resultsaredisplayed. The Java interfaceoperatesinside the main browser

window; theJavascriptinterfaceoperatesasits own window, updatedeachtimethereis achangeto

thecurrentsetof top four results.

Section4.3.1describesthedesignandimplementationof theJavascript-basedincrementalin-

terfacein moredetail.

HTML 1.0 incrementalinterface

To improvecompatibilityandto provideuserswith systemfeedback,themainsearchpageuses

an HTML 1.0 compliantincrementalinterface. This interfacemay be usedin conjunctionwith

eithertheJava or Javascriptinterface.Dueto limitationsin HTML 1.0, it is not possibleto change
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contentalreadydisplayed. The Java and Javascript incrementalinterfaceswill always keepthe

resultsin correctsortedorder;however, theHTML interfacedoesnot resortprintedresultswhile

thesearchis running,but only printsthosescoringover agiventhreshold.

Wheneachresultis processed,if thescoreis above theminimumthreshold,thesummaryand

scorearedisplayedimmediately. If thescoreis lessthanthethreshold,theneitherthe top scoring

resultfoundsofar (lessthanthethreshold),or a text messageindicatingprogress,is printedabout

onceevery five seconds.This policy ensuresthat usersareprovided feedbackasthe searchpro-

gresses,andguaranteesthata userwill never have to wait morethanfive secondsto seethe “best

sofar” result.If asearchfindsmany high-scoringresults,theuserwill have many resultsto choose

from beforethesearchcompletes.

At theendof thesearch,themainsearchpagealwaysreturnsthetop100resultsin sortedorder.

4.2.2 Dispatcher

The dispatcherof Inquirus 2 (Figure 4.5) provides two primary improvementsover the dis-

patcherof a regular metasearchengine. The dispatcherof Inquirus2 utilizes need-basedsource

selectioncombinedwith category-specific,source-specificquerymodifications.The combination

of thesetwo optionsreducestheeffectsof thewebsearchhorizonby increasingtheprecisionof the

results,allowing Inquirus2 to askfor fewerresultsfor eachsearchenginerequest.Sourceselection,

althoughnot usedfor this purposein Inquirus2, canbeutilized to reducethechancethata search

enginewill becomehostile,asdescribedin the limited cooperationproblem. Choosingdifferent

sourcesfor eachsearchreducesthe query load to individual searchengines.This also improves

scalabilityof ametasearchengine.

Inquirus2 allows selectionof bothspecial-purposeandgeneral-purposesearchenginesasap-

propriatefor theuser’s need.Thecombinationof thedecisionsof sourceselectionandquerymodi-

ficationinto a singledecisionallows for morethanonequeryto bemadeto a singlesearchengine.

The besttwo searchenginerequestsmay be to the samesearchengine,but with differentquery

modifications.It mayalsobethecasethatfor acertainquery, ageneral-purposesearchenginewith

a modificationmayperformbetterthanaspecial-purposesearchengine.

Section4.3.2describestheimplementationof thedispatcherin moredetail.

4.2.3 ResultProcessor

Theresultprocessorof Inquirus2 (Figure4.6)is anextensionof theresultprocessorof Inquirus

(Figure 4.1). To improve performance,a selective download moduleis added. Inquirus2, like

Inquirus,hastheability to downloadresultsto provide moreinformation,improving its ability to
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Figure4.6: TheResultProcessorof Inquirus2

predictusefulness.Inquirus2 improvesperformance,andreducessearchlatency, by choosingnot

to downloadresultsthatcanbescoredwithoutdownload.

Selective downloadreducestheeffectsof thelimited informationproblem,thetemporalsearch

problem,andthemultiple interfacesproblem.Eventhougha searchenginemight not provide full

documenttext, in somecasesthetitle, URL, andsummaryaresufficient for scoring.Downloading

resultsonly whennecessaryallows useof theinformationprovided,whenit is sufficient. Whenthe

informationis not sufficient, downloadingprovidesa methodfor obtainingthenecessaryinforma-

tion. To reducetheeffectsof thetemporalsearchproblem,scoringsomeresultswithout download

significantlyreducestheresourcecosts,andwhencombinedwith theincrementalinterface,reduces

perceived latency. Theselective downloadmoduleconsidersthespecificscoringfunctionfor each

search.Whena special-purposesearchengineis used,thespecificfields provided maybe useful,

suchasa news specificsiteproviding a date.Theability to utilize thefieldsprovidedwhenneeded

reducestheeffectsof themultiple interfacesproblem.
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Figure4.3.3shows the detailsof the implementationof the selective downloadmodule. The

goal of the selective downloadmoduleis to determineif thereis sufficient informationto scorea

givenresultaccurately, basedonly on thesummaryinformation(title, URL, etc...) returnedby the

searchengine.If yes,thenthe resultis sentdirectly to thescoringmodulefor scoring;if no, then

theresultis queuedfor downloadto obtainvaluesfor theneededattributes.Certainattributes,such

asthenumberof links on a page,arenever known (asreportedby thecurrentoutputinterfacesof

the searchenginesqueried),andif requiredfor scoringwould alwaysrequirea download. Other

attributes,suchasnumberof wordsin thetitle, or if aparticularquerytermis in theURL, arealways

known from thesummaries(assumingthesummariesarebelievedto beaccurate).Someattributes,

suchasthepredictedtopical relevanceor thepredictedscorefor a category classifier, maynot be

known exactly, but canbe guessedwith somedegreeof certainty. The level of certaintycanbe

consideredwhenqueuinga resultfor download. Althoughnot implementedin thecurrentversion

of Inquirus2, it would be very easyto reducethe requiredcertaintyrequirementsif systemload

werehigh, reducingthenumberof resultsdownloaded.Likewise,if thesystemloadwerelow, and

theuserwereverypatient,thenmorecertaintycouldberequired,causingmoreaccuratepredictions

but moreresultdownloads.

Of the11,279totaldocumentsprocessedduringtheuserstudy, 1844or about16%of themwere

scoredwithoutdownload.Thedesignof theselective downloadis suchthatdocumentsselectednot

to be downloadedarealwaysclassifiedaspositive andpredictedastopically relevant, implying a

very high score. Of the documentsusersjudgedas“highly useful” in our userstudy, 29% were

foundwithout download.Theuserstudy, Chapter5, describestheexperimentsandresultsin more

detail.

4.2.4 Scoring Module

Inquirus2 improvesthe ability to identify useful resultsby consideringthe user’s needwhen

scoringresults. Need-basedscoringis the ability for a metasearchengineto choosethe scoring

functionsbasedon the user’s informationneed,asopposedto consideringonly the user’s query.

Thescoringmoduleof Inquirus2 providesindependentresultscoring,which is combinedwith an

incrementalinterfaceandselective downloadto reducetheeffectsof thetemporalsearchproblem.

The scoringmoduleof Inquirus2 alsoallows useof meta-attributes,wherethe specificattributes

useddependon the searchenginequeried. For example,a different researchpaperclassifiercan

beappliedto resultsfrom Googlethanto resultsfrom a researchpaper-specificsearchenginesuch

asCiteSeer. The useof meta-attributesreducesthe effectsof the multiple interfacesproblemby

allowing a scoreto becomputedfrom theattributesavailablefor eachsearchengine,even though
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Scripts Description

Main searchscript Themainscriptwhichperformsthesearch

Loggingscripts Userclicks areloggedthrougha loggingCGI script

Userstudyscripts Scriptsto supportthevoting for results

Userauthentication Scriptsto supportauthenticationandaccountmanagement

Usercustomization Scriptsto allow theuserto controlandcustomizetheir interface

Table4.4: Typesof CGI scriptsusedfor Inquirus2

theattributesavailablemaybedifferent.

Scoringof adocumentcanbebasedonany of theattributesInquirus2 cancompute.In addition,

the scoringmoduleallows useof arbitrary pageclassifiers,providing a nearly infinite array of

attributesdeterminedat run-time.Any usercanuseherown scoringfunctionsasdesired.Chapter6

describestheproceduresusedto learnnew preferencecategoriesandtheassociatedpageclassifiers.

The scoringmoduleof Inquirus2 providesseveral optionsfor improved performance.There

are dozensof attributesand a virtually infinite array of classifiersthat could be usedto scorea

document. The scoringmoduleis designedto load only the codethat is needed.A searchthat

scoresdocumentsbasedon a researchpaperclassifierandtopical relevancewill not load thepage

classifierfor personalhomepages.The designis modularand allows for easyaddition of new

attributesandnew scoringfunctions(preferencecategories). The implementationof the scoring

modulefor Inquirus2 is describedin detail in 4.3.4.

4.3 Implementation

Inquirus2 is implementedasapproximately20,000linesof PERLCGI scriptsandassociated

libraries. The basiclibrariesto downloadweb pageswerebasedon freely availablesources.To

improve performanceof Inquirus2, a SQUID webcachewasused.Eacharchitecturalcomponent

was implementedto facilitateeasyincorporationof new optionsand functions,and to allow the

specificfeaturesto beusedby otherprojectsat NEC.

Theoverall projectimplementedfive classesof CGI scripts. Table4.4 describeseachclassof

scripts.ThemainsearchscriptimplementedthemodulesthatdefinetheInquirus2 architecture,and

theremainingfour classesof scriptsfacilitateduseandstudyof thesystem.
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4.3.1 User Interface

Theinputuserinterfacefor Inquirus2 is asimpleHTML webpage,generatedthroughthemain

CGI script. The specificcategorieslisted and the associatedoptionsaredeterminedat run-time

basedon theoptionsfilesassociatedwith theindividual userandtheentiresearchsystem.Authen-

ticateduserscaneasilyedit theiroptionsonthemaininterfacevia anassociatedcustomizationCGI

script. Currentlyany authenticatedusercanchangethecategory buttons.Buttonscanberemoved,

or new buttonscorrespondingto a differentcategory canbeadded.Thetext on thebuttonscanbe

editedasdesired. The heading,title, anda few otheroptionsof the input userinterface,canbe

alteredby modifying theconfigurationfile. Inquirus2 canberun in “single-preference”modeby

specifyingthedefaultpreference,andby providing anew title andoptionschoices– all by changing

a few linesin themainconfigurationfile. ThecustomizationCGI scriptsoperateby modifying the

associatedconfigurationfiles.

Therearethreedifferentoutputuserinterfaceoptionsfor Inquirus2. The default interfaceis

Java-basedandis supportedthroughadditionof specialfunctionalitiesto the main userinterface

code. The Javascript-basedand HTML-basedinterfaceswere implementedthroughthe regular

interfacelibrariesandwerewritten entirelyin PERL.

TheHTML 1.0 interfaceis implementedby examiningevery resultprocessedanddetermining

if the result’s scoreis eitherabove the specifiedthreshold,or is the highestscoringso far (if no

resultsover thethresholdhave beenfound). All resultsscoringover thethresholdareimmediately

printed.If nooutputhasoccurredfor fiveseconds,thenthesystemprintsthehighestscoringsofar

or amessageindicatingsearchprogress.

The Javascript-baseduser interface sendsseveral Javascript functions to the output HTML

stream. Thesefunctions,when called, set the result in a given rank position, one throughfour,

andpushthe remainingresultsdown by one,followed by a re-renderof the outputwindow. The

server keepstrackof thecurrenttop four results,andif a changeoccursto thetop four, theserver

sendsthe appropriateJavascriptfunction call to the outputHTML stream. From the user’s per-

spective, every time a new high-scoringresultis found,theJavascript-basedincrementalinterface

window getsredrawn, rankingthisnew resultaccordingly.

The Java-basedincrementalinterface is more complicatedand requiredcreationof a multi-

threadedJava applet. Theapplethastwo threads,onefor thenetwork andreceiptof resultsfrom

theserver, andonefor display. Resultsaresentasynchronouslyfrom theserver, andmustbepro-

cessedimmediately. Theappletmustalsorespondto external(andinternal)redraw eventsrequiring

separatethreadsfor theinterfaceandthenetwork. Whena resultis received,thedatais storedand

thenew item is insertedinto thecorrectrankposition.Eachresulthasfieldsof: title, displayURL,
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click URL, summary, andscorearray. A resultcanhave multiple scores,andtheusercanchange

whichscoreis usedasthesortkey by clicking on the“sort +” button.

Eachresulthasan associatedstatus:seenor unseen.Thereis alsoa currentlyselectedresult.

Thecurrentlyselectedresultis coloredred,all seenresultsarecoloredblack,andunseenresultsare

coloredblue.

To facilitatequick redraw andeasyinsertion,a modifiedbinary treestructurewasused. The

genericbalancedbinary treestructurewasmodifiedto includea “next sort” anda “previous sort”

pointer. Given any result, the next sortedresult canbe found in constanttime. The extra fields

allowedfor constanttimeto renderany blockof tenresults,regardlessof thetotalnumberof results.

The balancedbinary treestructureensuredthatnew resultswereinsertedin
��
�� ] q§a time. Special

precautionsweretakento preventthereceiving threadfrom modifyingthepointersfor anitematthe

sametime thedisplaythreadwasscanningfor thenext result,causingthepossibilityof a runtime

error.

TheJava appletsupportstwo communicationmethods:TCPsockets,andHTTP. If theapplet

is usingHTTP to connect,then the CGI script doesnot sendanything other than the raw applet

data.Thenormalmode,TCPsocket-based,is preferredsincetheserver canbothsendHTML data

to the user, providing moreinformationanda betterinterface,andsendthe raw resultdatato the

applet.TheCGI scriptallows for theappletto connectbackinto it on a randomsocket to receive

the raw data. If usedin socket mode,every time a result is processed,the raw datais printedout

to the socket to which the appletis connected.In socket mode,the user’s web browserhastwo

simultaneousconnectionsto the server, onefor the HTML dataandonefor the raw data. These

connectionsmustremainopenfor theentirelengthof thesearch,andasaresult,hardwarecostsfor

scalingthearchitecturemaybeincreased.

4.3.2 Dispatcher

Thedispatcheris implementedasasetof PERLcodedesignedto choosethesourcesandquery

modifications,andto outputa setof valid searchenginerequests.The user’s selectedpreference

correspondsto a single line in an associatedtext file. This line, loadedat run-time,definesthe

preferencename,thepreferencedescription,thesetof sourcesandassociatedquerymodifications

andthemaximumnumberof requestsfor each,andthescoringfunction. Thedispatcherextracts

theassociatedlist of searchenginesandquerymodifications.

For eachsearchenginethereis anassociatedsetof functionsfor requestgenerationandresult

extraction. The requestgenerationcodeacceptsasinput the user’s topical queryandan optional

query modification. The output of the requestgenerationcodeis a valid search-enginerequest.
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Currently, Inquirus2 doesnot supportPOSTrequests.

Theassociatedfile listing thesearchenginesandassociatedquerymodificationscanbeedited

easilyto addor remove searchengines,or to changequerymodifications.Thesearchenginefunc-

tionsaremodularin design,allowing for easymaintenanceandeasyadditionof new parsers.These

stand-alonefunctionshave beenusedby otherprojectsatNEC.

Currently, eachpreferencehasafixedsetof searchenginesandassociatedquerymodifications.

This setis determinedbasedon theresultsof theQMLP algorithmdescribedin Chapter6.

4.3.3 ResultProcessor

Theresultprocessoris probablythemostcomplicatedmoduleof Inquirus2. Figure4.6shows

the sub-modulesof the Inquirus2 resultprocessor. The pageretriever andrequestsubmitterare

implementedusingcustomdatastructurescombinedwith the freely availableLWP libraries. The

customdatastructuresfacilitatekeepingtrack of thesourceandstatusof pendingrequests.Each

webpagehasanassociatedsearchid. Thesearchid indicatesif the resultis a pagerequestedfor

downloador a search-engineresponse.If it is a search-engineresponse,thespecificsearchengine

is containedin thesearchid.

Search-engineresponsesaresentto theappropriatesearch-engineparsinglibraries.Eachpars-

ing function is independent,andreturnsa list of “pageitems”. Each“pageitem” is anassociative

arraywhereineachfield correspondsto anattribute extractedfrom theparser. Typical fields for a

“pageitem” includethetitle, URL, searchenginerank,andsummary. Fromthosefields,a predic-

tion of topicalrelevanceandof thecategory is made,if possible.

If a responseis from a searchengine,theresultprocessorcanrequestmoreresults.Associated

with eachsearchengineandquerymodificationis a “requestlimit”. Therequestlimit specifiesthe

maximumnumberof requeststhatcanbemadeto a particularsearchenginefor a givenquery. If a

searchenginereturnsonly tenresultsperrequest,andtherequestlimit wasfour, thenthetop forty

resultscouldberetrieved,tenat a time. Therequestlimit is usedto allow morethantheminimum

numberof results(typically ten),but to provideanupperboundto preventoverburdeningany single

searchengine.If morethanonequerymodificationis usedfor thesamesearchengine,eachrequest

is treatedindependentlywith its own limit.

Whenadocumentis downloaded,theresultprocessormustevaluatetherequiredattributes.The

scoringfunctionspecifieswhichattributesareneeded.Theresultprocessorsavessystemresources

by loadingcodeonly for functionsthat areneeded.A scoringfunction that requiresa category

classifier, suchas“researchpapers”,will loadonly thatclassifier’s featurevector.

Topical relevance is a complicatedattribute. When a documentis downloaded,a topical-
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relevancefunctionsimilar to thatusedby Inquirusis used.Section4.1.2describesthethreefactors

consideredwhen evaluatingtopical relevance. Inquirus assignsan overwhelmingweight to the

percentageof queryterms,while Inquirus2 usesa morebalancedweighting.

Theselective-downloadmodulemayguessthe topical relevancebasedon thesummaryinfor-

mationprovidedfrom thesearch-engineresponse.

Selective Download:

Theselective downloadmodulecomparesthe requiredattributesfor thescoringfunctionwith

thosethat areknown with sufficient certainty. If a requiredattribute is missing,the documentis

downloaded.If all requiredattributesareknown, thedocumentis not downloaded,andinsteadis

sentdirectly to thescoringmodulefor scoring.

Many attributes,suchasthepercentof querytermsin thetitle, arealmostalwaysknown from

thesummaryinformation. Many attributessuchasthe total wordcountarenever known from the

summaryinformation. Thechallengeis for attributesthatmaybeguessedbasedon thesummary,

suchastopicalrelevanceor acategory classifier.

For example, a document titled: “Top ten DVD players reviewed” with a URL of

“http://www.reviews.com/dvdreviews.html” anda summaryof: “Reviews.compresentscompre-

hensive reviews of the ten bestselling DVD players.” is probablytopically relevant for a query

of “DVD players”andwould most likely classifyaspositive for a classifierfor productreviews.

A documenttitled “RandomSite.net”with a URL of “http://www.randomsite.net/stuff/today.html”

anda summaryof “Randomsite.netpresentsour usualarrayof stuff today’s specialis ...” doesnot

seemobviously aboutDVD players,andis notobviously aproductreview, but it couldbe.

Theselective downloadmodulecanutilize attributeswhosevaluesarenot certain.In theabove

casewecouldimaginetwo attributes:topical relevanceandreviews. Topicalrelevancerefersto the

extentto which thedocumentis about(or relatesto) thequery. Reviewsrefersto thepageclassifier

for productreviews; a positive classificationindicatesthe documentis in the category of product

reviews,andanegativeclassificationindicatesthedocumentisnot. Whentrying todeterminevalues

for theseattributesfrom a summary, thereis uncertainty. Theseconddocumentcouldbetopically

relevantanda productreview, but thesummarymight notberepresentative.

The selective download moduleallows useof summaryclassifiersand predictedtopical rel-

evancewhenmakingdownload decisions. Whenavailable, a summaryclassifiercanbe usedto

predictthecategory of a givendocument,basedonly on thesummaryinformation.Summaryclas-

sifiersaretrainedonshortsummariesof known documents,andutilize title, URL andsummary-text

features.Figure4.7shows asamplegraphof thenumericaloutputof a regularbinaryclassifierand

themeaningof thatoutput. Whentheclassifierreturnsa positive score,thedocumentis assumed

66



x=0

Negative Class Positive Class

Figure4.7: A normalclassifierhastwo regions:positive to theright of 0 andnegativeto theleft of zero

x=0
x=T

Don’t know
Positive
Class

Figure4.8: Themodifiedsummaryclassifierhastwo regions:positiveto theright of thethresholdanddon’t

know to theleft of thethreshold

classifiedaspositive; negativescoreimpliesanegativeclassification.Zerois equallylikely positive

or negative.

Theproblemwith usingasummaryclassifieris thatthenegativeclassificationis notnecessarily

a truenegative. A summarythatis not representative of thedocumentmayresultin a falsenegative.

Downloadinga documentcanprovide thefull-HTML, allowing a moreaccurateclassification,but

at a higher resourcecost. To reducethe numberof falsenegatives, the output of the summary

classifieris redefinedasshown in Figure4.8. Insteadof having a negative documentassumedto

be negative, theoutputis “Don’t Know.” In addition,a slightly positive documentmaybea false

positive. To reducethe numberof falsepositives,a thresholdis used. If ����� thenthe results

canbeclassifiedeitherway. Thehigherthethreshold,thefewer thenumberof documentsthatare

classifiedaspositive, but the lower the false-positive rate. Although not usedin Inquirus2, it is

possibleto adda third region, asshown in Figure4.9, with a negative threshold.Documentsthat

arefar to the left (highly negative scores),canbe assumedto bedefinitely negative. A document

consideredas“don’t know” canbequeuedfor download. The thresholdcanbeadjustedbasedon

the resourcesavailable. In somecases,suchas for personalhomepages,the summaryclassifiers
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Figure4.9: A three-outputclassifier:Theright region is positive, theleft region is negative,andthemiddle

is don’t know. Two differentthresholdsprovidetheboundaries
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Figure4.10: Summarytopical relevancefunction is uncertainif the thepredictedtopical relevanceis less

thanthethreshold

have accuracy very closeto the full documentclassifiers,andasa result, the summaryclassifier

canbealwaysbelieved. Chapter6 describeshow summaryclassifiersarelearned,andtherelative

accuracy ascomparedto thefull-pageclassifiersfor eachof thecategoriesusedin theuserstudy.

Uncertaintyalsoexists for predictingtopical relevance.A documentthatmentionsuserquery

termsin thetitle, summary, andURL, is likely to betopically relevant;a documentnotmentioning

thequerytermsanywherein thesummary, title, or URL is notnecessarilynot topically relevant. In

addition,topical relevanceis not binary;a documentthat is somewhat topically relevantshouldbe

scoreddifferentlythanadocumentthatis stronglytopically relevant.

Inquirus2 resolves this by implementinga summarytopical relevancefunction basedon the

title andsummary. If a searchenginereturnsan abstract,or a topical relevancescore,thosemay

be consideredinsteadof or in additionto the summaryandtitle. The summarytopical-relevance

function producesa numericalscorefrom 0 (not topically relevant) to 100 (completelytopically

relevant). If thescoreis overthethreshold,currentlysetat75,it is consideredacceptable;otherwise,

the documentmust be downloadedto resolve the score. Figure 4.10 shows the two regions for
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the topical relevancesummaryfunction. Thescoreslessthanthe thresholdarealwaysconsidered

“UNCERTAIN”; scoresabove thethresholdarebelieved. Wehave experimentedwith usingneural

networks andothermethodsfor returninga probabilitydistribution function (PDF) for the topical

relevancescoresspecificto eachsearchengine,althoughthesemethodsaredifficult to train and

requiremoreresourcesto evaluate.

Section5.2.2presentsuserstudydataontheeffectivenessof theselectivedownloadmodule.No

resultsfrom the special-purposesearchengineResearchIndex (CiteSeer)weredownloaded,since

theabstractproducedabelievabletopicalrelevancescore.

4.3.4 Scoring Module

Inquirus2 utilizesneed-basedscoring.Eachusercanutilize herown scoringfunctionfor each

search.To implementneed-basedscoring,theuserpreferencecategory thatdeterminesthesources

andquerymodificationsalsospecifiesthescoringfunction.

Originally Inquirus2 allowed any PERL function asa scoringfunction. Codewasaddedto

allow accessto thebuilt-in variablesfor eachresult. This methodallowed for very complex scor-

ing functions,but securityconcernsmake it unwiseto permit usersto createtheir own functions.

In addition, sinceany function could be used,the taskof the selective downloadwasespecially

difficult.

Currently, Inquirus2 supportstheoriginal stylefunctionsaswell asanewer, restricted,format.

Thenew scoringfunctionsarerestrictedto a summationof piecewise linearfunctions.To improve

flexibility for dealingwith differentsourcesandto improve thetaskof theselective downloadmod-

ule,meta-attributesarepermitted.

Theformatof thenew functionsis a list of attributes,weights,anda list of pointsto beusedas

thepiecewiselinearfunction: �����������������! 
Where: ��� is theweight, ��� is theattribute name,and ��� is a list of pointsfor thepiecewise

linearfunction.

For example,the scoringfunction for the category “Researchpapers”usedin the userstudy

was:�#"%$���& : ')(*� +,(.-/(*��+1032!45�.46(3+,-7�98/��:<;!��=7 >�#"%$��*;3=1=7 ?8@ A�#"%$���B/CED@03F�G#+��98��H=I��=7 >�KJ!$��LJ!$, >�NM1O���;3=1=� ?8? 
In this casetherearetwo attributes,M:new researchpapers andquicktr; eachis assigneda50%

weightandhasa correspondingpiecewise linear function,asshown in Figure4.11. Theattributes

arebothdefinedto permit theuseof thesummaryfunctions.TheattributeM:new researchpapers

is custom-definedto specifythat for thegeneral-purposesearchengines,a summaryclassifiercan

beappliedif thedocumentis not downloaded,anda full classifieris usedif thedocumentis down-
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Figure 4.11: The piecewise linear functionsfor the researchpaperclassifier(left) and topical relevance

(right).

loaded.For thespecial-purposesearchengineResearchIndex, theattributeM:new researchpapers

is fixedat about0.5,sinceevery resultfrom ResearchIndex is assumedto bea researchpaper. The

selective downloadmoduleis ableto determinefrom which sourcea resultcomesfrom. If there-

sult is from ResearchIndex, theattribute M:new researchpapers is defined,andneednot triggera

downloador apply any classifiers.The attribute quicktr is definedby default to usethesummary

classifierfor general-purposesearchengines.If thereis a full abstract,suchasthecasefor results

from ResearchIndex, thesummaryclassifieris alwaysbelieved;otherwise,a thresholdis usedasis

describedin Section4.3.3.

The new style of scoringfunctionshasno limit on the numberof attributesthat canbe used,

althoughfor Inquirus2, mostscoringfunctionsuseonly two attributes.Meta-attributescanbede-

finedfor eachscoringfunctionasdesired.A meta-attribute is evaluatedbasedon thesearchengine

thatreturnedtheresult.Theserulesarein plain text andcontainedin thesamefiles thatspecifythe

scoringfunctions.A meta-attributecanbedefinedfor a setof searchengines,anindividual search

engine,or asa default. A meta-attribute canalsospecifyonly for downloadedor not-downloaded

documents.As a simpleexample,a documentthat is downloadedshouldusethe full-pageclassi-

fier, while a documentthat is not downloadedshoulduseanappropriatesummaryclassifierfor the

sourcesearchengine.

The scoringmodulefor Inquirus2 is designedto computea scorefor eachresultassoonas

sufficient information is available to scoreit. Scoresreturnedfrom the scoringmoduledo not

currentlydependonany otherresultfound,providing thepropertyof independentresultscoring.
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4.3.5 Parallel Processing

The currentdesignof Inquirus2 is not multi-threaded;instead,it utilizes the freely available

ParallelUserAgentlibrariesto permit theresultprocessingloop to becalledeachtime a webpage

is returned. All othermodulesarecalledaccordingly, asdescribedin the implementationof the

ResultProcessor, Section4.3.3.Thecurrentterminationconditionis basedonthenumberof results

processedandthereis anexplicit timeoutin placefor eachwebrequest(bothsearchenginerequests

andresultdownloadrequests).Sincethe interfaceis incremental,theuseris alwaysableto obtain

thetop rankedresultsbeforethesearchcompletes.

Futurework will includeimplementingthecodeasdistinct threadsandpermit distribution of

thesethreadsacrossmultipleprocessors.Thepropertyof independentresultscoringcombinedwith

anincrementalinterfacefacilitatesparallelprocessing.

4.3.6 Other Toolsand Libraries

In addition to the basicarchitecture,we implementedseveral specificCGI scripts. Table4.4

lists theextrascriptswe implemented.

Logging scripts

Tofacilitateanalysisof theuserdata,specialloggingcodewasimplemented.All threeinterfaces

supportuseof analternateclick URL. ThespecialURL callsour loggingCGI script to recordthe

click event.Eachclick eventis associatedwith thespecificsearchandresultitemto permitdetailed

analysis.

In additionto logginguserclicks, logginglibrariesweredesignedto log all searchevents,user

requests,authenticationfailures,andfinal searchranks. To comply with the requirementthat the

userstudybe anonymous,the logging codewasadaptedto separatepotentiallyidentifiableinfor-

mation(theuser’s IP address)from thesearchinformation(queryandpreferences).

Userstudy scripts

Theuserstudywasbuilt on topof theInquirus2 system.An alternateinterfacewasadded,and

customHTML startpageswerecreated.Whena userparticipatedin theuserstudy, the interface

wasprogrammednot to list any results,but insteadto call a specialvoteprogramoncetenor more

resultswerefound.ThespecialvoteCGI scriptinterfaceswith thecurrentlyrunning(or completed)

searchassociatedwith thatuser. This wasaccomplishedby parsingthe log files generatedby the

searchitself. Whena uservoted,a new vote logfile wascreatedto ensurethat the userwasnot

presentedwith thesameresultmorethanonce.

The userstudyscriptsweredesignedto ensurethat usersmustremainanonymous,but usage
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by thesameusercouldbefollowed. They werealsodesignedto operatewhile thesearchwasstill

progressingto reducethe wait time for a userwishing to vote. After a usercompletedvoting for

seven results,a specialCGI script would show her the final sortedlist, allowing her to click on

resultsthatmight nothave beenpresentedduringtheuserstudy.

User-authentication scripts

Inquirus2 supportsa wide rangeof authenticationandresource-managementoptions.Special

tools were createdto allow usersto log in, save or changetheir password, or to log out. User

passwordswerestoredin a local PerlDBM file, in sucha way that they couldnever berecovered,

only comparedagainsta provided token. Not even the systemadministratorof Inquirus2 could

regeneratea user’s password from thedatabasefile without breakingMD5 hashesor performinga

bruteforceattack.Eachuserwasalsoassigneda semi-randomextra bit stringto improve security

of their hash.All authenticationtokensweregeneratedbasedon a varietyof parametersincluding

theuser’s IP address.

In additionto strongauthenticationcode,thesystemprovidestheadministratorstrict controlof

theusageof thesystem.Theauthenticationlibrariesallow specificationof individual or groupuser

usageandresourcelimits. The simpleconfigurationfiles could limit “internal users”to a dozen

simultaneousconnections,while outsideuserscouldonly make five, unlessthey areregistered,in

which casethey arepermittedto make six. Theauthenticationmodulecodealsoallows restricted

accessonly to thesystemadministratorfor testingpurposes.

Our userstudywasrequiredto beanonymous.Shortlybeforetheuserstudybegan,thesystem

was modified to remove all authenticationtokensautomaticallyandprevent userswith accounts

from loggingin. Instead,all userswereassignedananonymoususerID andrequiredto click on an

agreementdocument.Theauthenticationsystemensuredthatonly userswho agreedto the terms

would beableto accessany of thesystemscripts.Thesystemallows for easilyupdatingtheterms,

andensuringthatall usershave seenthemostrecentterms.

All authentication,bothbeforeandafter theuserstudy, operatedby usinga singlecookiesent

to the user’s web browser. SpecialCGI scriptswerecreatedto allow removal of any systemset

cookies.

Customizationscripts

Prior to the userstudy, any authenticatedusercould customizeher input userinterface. This

customizationwasperformedthrougha CGI script that allowed editing of the associatedoptions

file. Eachuserwould have herown optionsfile to describethespecificmappingof button names

to preferences.Deletionof all preferenceswould setthedefault optionsfile for thatuser, otherwise

changeswouldbewritten to herpersonaloptionsfile. Althoughthis featureis notyet implemented,
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weintendto exploretheability for authenticatedusersto createcustompreferences,eitherbasedon

learningof new customcategoriesor acombinationof or re-weightingof existingpreferences.
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CHAPTER 5

UserStudy

To understanduserjudgmentsof usefulnessandtheeffectivenessof our architecturalimprove-

ments,we performeda userstudy. Our userstudywasdesignedto collectdatafor threepurposes:

analyzeuserjudgmentsof usefulnessandtopical relevanceandthe effectsof category classifiers

andquerymodifications,collect dataaboutthe effectivenessof eachof the four architecturalim-

provements,andcollectof datarelatedto metasearchingin general.

Figure5.1: A screenshotof theuserstudyinitial queryform

Our userstudywasbuilt on top of Inquirus2, askingusersto vote on up to seven documents

persearch,wherea voteconsistedof optionalcommentsplusa judgmentof topical relevanceand

usefulness.In additionto saving all uservotes,we alsostoredinternalprocessingdatausefulfor

analyzingtheeffectivenessof eachof our four architecturalimprovements:incrementalinterface,

sourceandcategory-specificquerymodifications,selective downloadandneed-basedscoring.
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Field Description

Query This is a shortwrite in areawheretheuserenterstheir topicalquery

Category A pull down list of four categoriesto helpdescribetheuser’s need.The four categories

availablewere:Researchpapers,Reviews,Personalhomepages,and“noneof theabove”

thatindicatedto usetopicalrelevanceonly

Websearchskill level User’swereaskedto optionallyprovideanindicationof theirwebsearchexperience,there

werefive options:Novice,Limited experience,Good,Advanced,andExpert

Detaileddescription Userswereaskedto optionallyprovidea detaileddescriptionof their informationneed

Table5.1: Fieldsfor theuserstudyinput form

Item Description

Userqueries Everyusersearch,chosencategoryandany options.Thesedatawererecordedfor both

thespecialuser-studyinterfaceandregularusersof theInquirus2 searchinterface

Search-enginerequests All search-enginerequestswerelogged,including both modifiedandunmodifiedand

specialpurposesearchenginerequests

Individual results Every resultprocessedby thesystemwaslogged.For eachresult,thetime (relative to

thestartof thesearch),therelevantattributes(andclassifierscores),thetotal predicted

score(andfinal rank),theranksof eachsearchenginereportingtheURL, andthetitle

andsummary, andif thedocumentwasdownloaded.Fromthesearchengineandrank,

we coulddetermineif a particularresultwasfoundasa resultof a modifiedquery

Useractions All uservotes,optionalcommentsfrom theuserstudyarelogged.In addition,all user

clicks for regularsearchresultswerelogged

Table5.2: Factorsrecordedor loggedfor analysisaspartof theuserstudy

Our anonymousweb-baseduserstudy ran from December14, 2000, throughFebruary16th,

2001,andcollected684userdocumentvotes.Therewere82 uniqueusers,with 117total searches

thathadat leastonedocumentvote.

Our userstudydatademonstratedseveral importantdiscoveriesaboutuser’s judgmentsof use-

fulness,includinga boundingrelation,wherethe level of the topical relevancejudgmentformsan

upperboundon thelevel of theusefulnessjudgment.Thestudyalsoprovidedstrongevidencethat

consideringcategorieshelpsto identify useful documents,and query modificationssignificantly

increasedthe chancethat a randomresultwasof the desiredcategory. The userstudydataalso

demonstratedthattheselective downloadmodulecansignificantlyreducetheperceivedlatency, by

passinghighly usefuldocumentsquickly to thescoringmoduleandthento the incrementalinter-

face.
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5.1 Study details

Our userstudywassetup to collectuserjudgmentsof topicalrelevanceandusefulnessof web

documents.The selecteddocumentswere found by Inquirus2, in responseto a userqueryand

user-specifiedcategory. User’swerenot restrictedfor theirqueries,but werelimited to four choices

for theircategory, oneof whichwasa“noneof theabove” option.Thestudywasanonymousin that

nopersonallyidentifying informationwascollected1, but throughtheuseof cookies,repeatqueries

by thesameuser(computer)wereidentified.

Over thenearlytwo months,thestudywasrunning,82uniqueusersparticipated(only counting

thosethatprovided at leastonevote). Eachuservolunteeredandwasnot paidor otherwisecom-

pensatedfor participation.Volunteersprobablyheardaboutthestudyfrom eitherword-of-mouth,

personale-mailsrequestingthey participate(althoughparticipationwasanonymous),or from going

to theInquirus2 mainpageandclicking ontheuserstudylink. It is believedmany of thevolunteers

weremy friendsor family, althoughunlessausercontactedmethroughout-of-bandcommunication

(phone,e-mailor in person),his or heridentity wasnot known for certain.

To participatein theuserstudy, all userswerefirst requiredto agreeto theconsentform, acopy

of thetext is shown in Figure5.7.Theconsentform wasnecessaryto complywith therequirements

of theInstitutionalReview Boardof theUniversityof Michigan. A user’s agreementallowedusto

setasinglecookiethatpermittedbothtrackingof thatuser’s actionsandverificationthey agreedto

theconsentform. Oncethecookiewasset,futuresearchesby thatuserwouldnotrequireagreement

to theoriginal consentform.

Thefirst screenseenby astudyparticipantis shown in Figure5.1.Table5.1describeseachfield

presentedto theuserfor theuserstudyinput form. Althoughoptional,usersprovidedaweb-search

skill level for 94%of thevotebearingsearches.Also, usersprovidedoptionalcommentsfor about

68%of thevote-bearingsearches.

Level Topical relevancetext Usefulnesstext

1 Not topically relevant Not useful

2 A little topically relevant A little bit useful

3 Somewhaton topic Somewhatuseful

4 Very topically relevant Veryuseful

5 Exactlytheright topic ExactlywhatI wanted

Table5.3: Text associatedwith eachlevel of topicalrelevanceandusefulness

1Theuser’s IP addressis alwaysrecordedby thewebserver, but the loggingscriptsseparatedthis informationfrom
uservotesor queries.
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Figure5.2: A screenshotof a votewindow for a queryof “eric glover” anda category of “personalhome-

pages”

After specifyingsearchcriteria, Inquirus2 locatedresults. If fewer thanten resultscould be

found,theuserwouldbepresentedanerrorandhave theoptionof goingbackto changehissearch.

Oncetenresultswereprocessed,thesystemwouldautomaticallypopupavotewindow. Figure5.2

shows ascreenshotof asamplevotewindow.

The “vote window” presenteda userwith a documentfor which to vote, andprovides three

optionsfor enteringinformation: topical relevance,usefulness,andoptionalcomments.Thereare

fiveoptionsfor bothtopicalrelevanceandusefulnessasdescribedin Table5.3. In additionto voting

for topicalrelevanceandusefulness,a usercouldprovide optionalcomments.Theusercouldclick

on “other comments”to popup a free-formwrite in window, andor could pull down andchoose

oneof elevendefault comments.Table5.4 listseachof thefixedoptionalcomments.

Table5.5 lists thenumberof timeseachof theoptionalcommentsoccurred:

Eachuserwasasked to vote for up to seven documents.To enhancethe data,documentsto

be voted for werenot picked randomly. Eachuservote wasassociatedwith the specificmethod

usedto pick the votedfor URL. Four differentpick methodswereappliedto choosea document

to be votedfor from all the remainingunvoteddocuments.Table5.6 describesthe four methods

used.All searchesusedthe“top-ranked” methodfor thefirst document.For thefirst monthof the

study, every documentafter thefirst wasselectedusingthe biasedmethod.After the first month,

theothermethodswereusedwith a40%chanceof eitherrandomor “high ranked” and20%chance

of biased.It shouldbenotedthat therewasa biasagainstpicking a resultfrom a specialpurpose

searchengine(appliedto all methods).If a specialpurposesearchenginewaspicked,70%of the

time anew choicewouldbemade.
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Number Optional comment

0 No comment

1 Wrongmeaningof my terms

2 Pagehadanerror

3 Pagewastooold

4 Pagewastooshort

5 Contentsalreadyseen

6 Pagewasnotof sufficient quality

7 Pagewastoo specific

8 Pagewastoogeneral

9 Pagedid nothave thecorrecttypeof content

10 Pagedid notcontainany of my keywords

Table5.4: Thepull-down list of fixedoptionalcomments

5.2 Hypothesesand Analyses

Ouruserstudywasdesignedto analyzethreethings:usefulness,architecturaleffectiveness,and

generalmetasearchdata. For eachof theseareas,we presentseveral hypothesesandthe relevant

userdataandanalysis. Resultsshouldbe viewed in light of non-uniformmethodsof document

selection.

5.2.1 Usefulness

Usersprovidedjudgmentsof bothtopicalrelevanceandusefulness.Usefulnessis relatedto, but

not thesameas,topicalrelevance.Usefulnessis definedby bothtopicalrelevanceandotherfactors,

asstatedin Hypothesis1, suchasthecategory of thedocument.

Hypothesis1 Usefulnessis stronglydependenton topical relevance, but usefulnessis alsodepen-

dentonotherfactors. Topical relevanceis necessarybut not sufficientfor usefulness.

To testHypothesis1, we comparedpaireduserjudgmentsof topical relevanceandusefulness

asshown in Table5.7. To test the relative dependence,we performeda correlationbetweenthe

judgments.Topicalrelevancejudgmentsandusefulnessjudgmentsof all documentsshoweda cor-

relationof 0.779. This relatively high correlationsuggestsa strongrelationship,but alsosuggests

theremaybeotherfactors.

Thedatafrom Table5.7 suggestsa boundingrelationship,wherethe level of the topical rele-

vancejudgmentappearsto provide anupperboundon thelevel of theusefulnessjudgment.Of the

684 judgments,only 25 wereto the lower left of the diagonal. Of those25 documents,22 were
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Optional comment Number of votes

No comment 374

Wrongmeaningof my terms 48

Pagehadanerror 10

Pagewastooold 6

Pagewastooshort 4

Contentsalreadyseen 17

Pagewasnotof sufficient quality 17

Pagewastoospecific 32

Pagewastoogeneral 51

Pagedid nothave thecorrecttypeof content 93

Pagedid not containany of my keywords 32

Table5.5: Frequency of eachoptionalcomment

Pick method Description

Random A documentwasrandomlychosenfrom all remainingunvotedfor documents

Biased A documentwaschosenbasedon its predictedusefulnessscorewith thefollowing scorerangeand

probability: (0-50)- 20%,(50-70)- 10%,(70-85)- 7.5%,(85-95)- 7.5%,(95-100)- 45%– random

- 10%

Top ranked A documentranked aseitherfirst or secondby at leastonesearchengine(could be modifiedor

unmodified)

High ranked A documentrankedin thetopfive by at leastonesearchengine(couldbemodifiedor unmodified)

Table5.6: Fourmethodsfor selectingdocumentto bevotedfor

immediatelynext to thediagonalandcouldbeexplainedby minordifferencesin theinterpretations

of theassociatedtext correspondingto eachvote.

Thereweretwo documentsjudgedas“Not topically relevant”, but “Somewhatuseful.” These

documentsappearto be serendipitousfinds. The first one was a researchpaperaboutmarket-

basedmechanismsfor planning,found for a queryof “threadschedulinglotteries”anda category

of “researchpapers”. The secondwas likely judgeduseful becausethe userhad interestsother

thantheir query. Theuserwassearchingfor “dreamcastreview” with a category of “reviews”, and

judgeda documentabouta U2 CD as“somewhat useful”. Although serendipitousfinds may not

follow theboundingrelation,it appearsto bea goodgeneralrule,givenmorethan96%of theuser

votesfollowedtherule,with only fiveoutof 684morethanoneaway from thediagonal.

Theboundingrelationhasseveral implicationsfor IR research.First, it suggeststhata binary

assumptionaboutthe judgmentsof topical relevanceandusefulnessarenot sufficient; thereis a

richersetof informationby usingmorethantwo levels. Second,it demonstratesboth that topical
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Topicalrelevancejudgments

- 1 2 3 4 5

1 203 42 38 14 12

2 3 34 34 21 15

3 2 5 30 32 26

4 0 3 9 30 39
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5 0 0 0 3 89

Table 5.7: User topical relevanceversesuserusefulness,acrossis topical relevancejudgments,

down is usefulnessjudgments.Eachsquareis thenumberof votes.

relevanceis importantandthattopicalrelevanceis not theonly factorinvolvedfor usefulness(since

therewere a substantialnumberof highly topically relevant documentsthat were not judgedas

highly useful). Third, it suggeststhat a documentthat is partially topically relevant may be more

usefulthanonethatis highly topically relevant.

Toverify thattheuserjudgmentsof topicalrelevanceandusefulnessweredistinct,weperformed

apaired,two-tail T-TEST, producingaPof M�"%O1MQPR;3=�SUT�V . This extremelylow Pvaluesuggeststhat

the two datasetsarefrom differentdistributions,supportingthesuppositionthatusersinterpreted

topicalrelevanceandusefulnessdifferently(asthey wereinstructed).

Hypothesis2 Usefulnessis dependenton thecategory, such thatdocumentsthatareof thedesired

category onaverage will bemore usefulthandocumentsnotof thedesiredcategory.

Hypothesis2 addressestherelationshipbetweenuserusefulnessjudgmentsandtheir specified

category. A documentnotof thedesiredcategory shouldbeunlikely to beuseful.Fromthebound-

ing relation,the level of topical relevanceprovidesan upperboundon the level of the usefulness

judgment,suggestingadocumentthatis of low topicalrelevance,independentof thecategory, is not

goingto beuseful.To testHypothesis2, we analyzedtheaverageusefulnessof documentsjudged

ashighly topically relevant (four or five),asshown in Table5.8. Category refersto thedocuments

from searcheswherea userspecifiedeitherpersonalhomepages,reviews, or researchpapers.Doc-

umentsfoundfor searcheswhentheuserspecified“noneof theabove (topical relevance)”did not

have a category-classifierapplied,andhencewereexcluded. Class+ andclass-refersto the re-

sultsof theappropriatecategory classifierasbeingpositive (documentpredictedto bein thegiven

category) andnegative respectively. Documentsfoundfrom CiteSeer, thespecial-purposeresearch-

papersearchengine,wereassumedto beclassifiedaspositive for researchpapers,eventhoughno

classifierwasactuallyapplied. CiteSeerwasthe only special-purposesearchengineusedfor this
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userstudy.

- category class+ class- category

andW6XZY5[ T
class+ andW6X\Y5[ T class- andW6X]Y5[ T category

and

TR=5

class+

and

TR=5

class-

and

TR=5

Average

Useful-

ness

2.26 2.41 2.09 3.67 3.86 3.41 4.22 4.52 3.79

Average

Topical

relevance

2.74 2.85 2.63 4.58 4.59 4.57 5 5 5

Num

docs

459 245 214 168 99 69 97 58 39

Table5.8: Effect of category on averageuserjudgmentsof topical relevanceandusefulness.*cat-

egory refersto a userchosencategory otherthan“none of the above”, class+meansclassifiedas

positive, class-meansclassifiedasnegative.

Table5.8 shows the averageusefulnessof all documentsthat hada classifierapplied,broken

down by level of topical relevance(4, 5 or both) and classifierresult. Documentsclassifiedas

positive wereslightly moreusefulon average(2.41vs 2.09)andslightly moretopically relevant.

However, we are interestedin the documentsmost likely to be highly useful (4 or 5), so we re-

strictedthe setto thosejudgedashighly topically relevant. For topical-relevancejudgmentsof 4

or 5, the averageusefulnessfor documentsclassifiedaspositive was3.86 vs. 3.41, thoughtheir

averagetopical relevancewasalmostthe same.For documentsjudgedas5 for topical relevance,

thedifferencewasmuchmoresignificant,with anaverageusefulnessof 4.52vs. 3.79.An average

of 4.52requiresthatat leasthalf of thedocumentswerejudgedas5 for usefulness.An unpaired,

2-tail, equalvarianceT-Testcomparingtheusefulnessof thedocumentsjudgedas4 or 5 for topical

relevance,brokendown by classification(positive vs. negative) was0.0149,very significant.Con-

sideringonly thedocumentsjudgedas5 for topicalrelevance,theprobability improvesis lessthan

0.0001. However, for thedocumentsjudgedas1 or 2 for topical relevancetheT-Testproduceda

P valueof 0.835,suggestingcategory hasalmostno effect for documentsjudgedasnot topically

relevant(theboundingrelationpreventscategory from having any effect on documentsjudgedas1

for topicalrelevance).

Table5.8 andtheT-Testson thevariousclassesstronglysuggeststhatcategory is a significant

factorof theusefulnessjudgmentwhenadocumentis judgedashighly topically relevant.

Hypothesis3 Resultsfoundfroman appropriatelymodifiedqueryare more likely to beclassified

aspositivethanresultsfoundfroman unmodifiedquery.
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Hypothesis4 Resultsfoundfrommodifiedquerieswill havea higheraverage usefulnessthanre-

sultsfoundthroughunmodifiedqueries.

- category modified not

modified

both category

and

TR

Y
=4

modified

and

TR

Y
=4

not modified

andTR

Y
=4

category

and

TR=5

modified

and

TR=5

not modified

andTR=5

Average

Useful-

ness

2.26 2.04 2.52 2.04 3.67 3.71 3.66 4.22 4.6 4.16

Average

Topical

rele-

vance

2.74 2.37 3.14 2.52 4.58 4.51 4.6 5 5 5

Num

docs

459 170 252 23 168 49 116 97 25 70

Table5.9: Effectof querymodificationsonaverageuserjudgmentsof topicalrelevanceanduseful-

ness.

- Modified Unmodified

Class+ 127 100

Class- 44 152

Percent + 75 40

Percent - 25 60

Table5.10:Querymodificationsandtheclassificationof results.

Hypothesis3 statesthat querymodificationswill increasethe probability a result is classified

aspositive. Hypothesis4 statesthat resultsfound from modifiedqueriesaremoreusefulon av-

eragethanresultsfound from unmodifiedqueries. Given hypothesis2, if we assumehypothesis

3 is true, thenhypothesis4 shouldalsobe true,becausemoreresultsclassifiedaspositive should

increasetheaverageusefulness.Unfortunatelyhypothesis4 is not supportedby our data,andthe

previously statedlogic ignoresthepossibilitythatmodifiedqueries,althoughincreasingthechance

of positive classification,mayhave otherdetrimentaleffects,suchaslowering theaveragetopical

relevance.However, documentsfoundfrom a modifiedquerythatwerejudgedas5 for topicalrel-

evancedemonstratedahigheraverageusefulnessthandocumentsjudgedas5 for topicalrelevance,

but foundfrom anunmodifiedquery.

Therewere170documents,in a category (otherthan“noneof theabove (topical relevance)”)

foundasa resultof amodifiedquery, and252documentsfoundasa resultof anunmodifiedquery.
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Figure5.3: Usefuldocumentsfoundat varioustimesthroughoutthesearch

A documentfoundby bothamodifiedqueryandanunmodifiedquerywascountedasboth.Only 23

documents,lessthan15%of thesmallerset,werefoundby bothamodifiedandunmodifiedquery.

A documentfound only from a specialpurposesearchengine,or from one of the “test” query

modificationswasexcludedfrom this data. Table5.10 shows the effect of querymodifications.

Resultsfoundfrom modifiedquerieswerenearlytwiceaslikely to beclassifiedaspositiveasresults

found from unmodifiedqueries(75% vs 40%). The effectivenessof the querymodificationswas

significantwith respectto category, but accordingto Table5.9,ourquerymodificationssignificantly

loweredboth the averagetopical relevanceandthe total numberof documentsjudgedasuseful.

However, a documentthat was judgedas highly topically relevant (5) and found by a modified

querywason averagemoreuseful thana documentthat washighly topically relevant, but found

from anunmodifiedquery.

An unpaired,two-tailed,equalvarianceT-Testcomparingtheusefulnessjudgmentsof the set

of documentsjudgedas5 for topicalrelevanceandfoundfrom anunmodifiedquerywascompared

with thesetof documentswith a5 for topicalrelevanceandfoundfrom amodifiedquery, producing

a Pof 0.035.Thiswasnotassignificantascategory, but waslessthan0.05.

5.2.2 Ar chitectural Components

Thesecondfocusof theanalysisof thedatafrom ouruserstudywason theeffectivenessof the

architecturalimprovements.Therewerefour architecturalimprovementswe wishedto quantify:

the incrementaluserinterface,sourceselectionandquerymodification,selective download,and
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need-basedscoring.

Incrementalinterface

To reducethe effects of the temporal search problem, we utilized an incrementalinterface.

With our incrementalinterface,resultsaredisplayed,in thecorrectrelative rank,asthey arefound.

Hypothesis5 statesthatusefulresultsarefoundthroughoutthesearchprocess.If all usefulresults

were found only at the beginning, or at somefixed point in time, then thereis minimal value to

usinganincrementalinterface.If usefulresultsaredistributedthroughoutthesearchprocess,then

an incrementalinterfaceallows presentationof someuseful resultsto users,while permittingthe

searchto continueto find more.

Hypothesis5 Useful resultsare found throughoutthe search process,not all at the beginning,

middleor end.

Figure5.3 shows the numberof usefuldocuments(judgedas5 for usefulness)found andthe

correspondingsearchtime whenthey werescoredby the system.2 In our userstudy, userswere

not presentedwith scoredresultsas found, but ratherpresentedwith specificallyselectedresults

andasked to vote. The time a resultwas found andscoredwassaved for analysis,even though

the vote may have occurredseveral minutesafter the result was first scored. Figure 5.3 clearly

shows that useful resultswere found throughoutthe searchprocess.Of all the documentsusers

votedfor andjudgedas5 for usefulness,41%(38 out of 92) werefoundin thefirst tensecondsof

the search.The relatively high percentageis likely dueto the selective downloadmodule. In the

secondtenseconds,20%(18 out of 92) of theusefulresultswerefound. About 38%of theuseful

resultswerefound after the first 20 seconds.It is importantto notethat the specifictimestaken

area functionof the implementation,anda differentimplementationmayoperatefasteror slower.

However, any metasearchenginethatperformsinformationgatheringactionswill requiretime. For

our implementation,with lessthanhalf of theusefuldocumentsfound in thefirst tenseconds,an

incrementalinterfaceseemsjustified.

Sourceselectionand query modification

Inquirus2 choosessearchengine,querymodificationpairsfor eachsearch.To improve consis-

tency, thesamefour searchengineswereusedfor every search,exceptfor researchpapers,where

a specialpurposesearchengine,CiteSeer[Lawrenceet al., 1999] wasadded.We did not studyin

detail sourceselection.Figure5.4 shows thepercentageof usefuldocumentswith respectto each

of thefour general-purposesearchenginesusedin our userstudy:AllTheWeb,AltaVista,Google,

andNorthernLight. This graphshows that Google(this includesboth modifiedandunmodified
2Searchenginelatency will affect thetimesresultsarefirst identified.
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queries)contributed the mostor about49% of the total numberof usefuldocuments.Although

Googlecontributed an overwhelmingpercentageof usefuldocuments,usingonly Googlewould

missabouthalf of thetotalusefuldocuments.

Otherresearchhasstudiedsourceselection,andwedid notdoany in-depthanalysis.Forsearch-

engine-specificquerymodifications,westudiedthepercentchancearandomresultreturnedfrom a

modifiedquerywouldbejudgedasuseful.Section5.2.1describesHypothesis3, whichcanbeused

asonemeasureof effectivenessof our querymodifications.Thequerymodificationsasdescribed

in Section5.2.1demonstratedonaverage75%on-category results,significantlymorethanthe40%

of the resultsfound from unmodifiedqueries,althoughQMLP, our methodfor learningthequery

modifications,seemedto reducetheaveragetopicalrelevance,reducingthetotal numberof useful

documentsfound.However, highly topically relevantdocumentsfoundfrom modifiedquerieswere

moreusefulon averagethanhighly topically relevantdocumentsfoundfrom unmodifiedqueries.

In additionto our work, relatedwork by Agichteindemonstrateda significantimprovementfor

source-specificquerymodificationswhenusedfor questionanswering[Agichteinet al., 2001].

Althoughthedatafrom ouruserstudyis only for threecategories,theresultsarepromising,and

suggestthatquerymodificationscanbeausefultool in category-specificmetasearching.

Selective download

To improveperformanceandto reduceperceivedlatency, weutilizedaselectivedownloadmod-

ule, asdescribedin Section4.3. Figure5.3 shows thedistribution of usefuldocumentsover time.

Documentsthat werenot downloadedmake up a significantproportionof the useful documents

(29%) andwerefound in a fraction of the time. In the first five seconds,more than63% of the

documentsjudgedas5 for usefulnessthatwerenotdownloadedwerefound.

Thedesignof theselective downloadmoduleusedin Inquirus2 wassuchthatonly documents

scoringhigh for topical relevance(at least75 out of 100 usingthe Inquirus2 measure)andclas-

sified aspositive would be not downloaded. Although our predictionsof topical relevancewere

not perfect,Inquirus2’s topical relevancefunctiondemonstrateda correlationof 0.49betweenour

predictedtopical relevanceand user’s actual judgments. Our summaryclassifiersdemonstrated

high accuracy for eachof thethreecategories(morethan85%);usinga positive threshold,further

improvedtheaccuracy. Giventherelatively high accuracy for thesummaryclassifiersandtherea-

sonablepredictivenessof our topical relevancefunction,we predictthat theaverageusefulnessof

resultsnotdownloadedby theselectivedownloadmoduleshouldbehigherthanresultsdownloaded.

Theaverageusefulnessjudgmentsof all downloadeddocumentswas2.24,while averageusefulness

for documentsthatwerenotdownloadedwas2.75.

Of the 11,279total documentsprocessedby the system(including thosenot votedfor), 1844
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were not downloaded,producinga significantsavings in resourcesand a reductionin perceived

latency.

Need-basedscoring

To improve the ability to identify useful documents,the user’s chosencategory wasusedto

determinethescoringfunction,asopposedto only consideringtopical relevance.Thecorrelation

betweenourpredictedusefulnessandactualusefulnesswas0.344.Thiscorrelationmightbesolow

becauseof therelatively low accuracy for ourpredictionsof topicalrelevance,aprimarycomponent

of our usefulnessscore.In addition,our scoringfunctionswerefairly simple,andplacedanequal

weight on topical relevanceandcategory, while our datasuggestsother functionsmay be more

effective.

Search engine Total “None of the above”

AllTheWeb 28 11

Alta Vista 9 4

Google 49 38

Northern Light 15 14

Table5.11:Resultsjudgedas5 for usefulnessby searchengine.

Figure5.5showsthedistributionof actualusefulnessjudgmentsfor differentrangesof predicted

usefulness.Althoughourpredictedusefulnessscoredemonstratedalow correlationwith actualuse-

fulnessjudgments,thedistribution of userusefulnessjudgmentsshows thata predictedusefulness

of lessthan50 wasstronglysuggestive of a documentnot beinguseful. A predictedusefulnessof

95 or higherdemonstrateda significantlyhigherpercentageof highly usefuldocumentsthanthe

threescoringrangeswith lowerpredictedusefulness.

Table 5.8 shows the effect of category on averageusefulness.The significant improvement

(3.79to 4.52)suggeststhatconsideringbothcategory andtopicalrelevancecanimprove theability

to predictusefulness,over topicalrelevancealone.In our futurework wewish to exploreimproved

functionsfor usefulness,basedon whatwaslearnedfrom ouruserstudy.

5.2.3 GeneralMetasearch

In additionto collectingdatafor analysisof ourarchitectureanddataon usefulnessjudgments,

we have collecteddatarelatedto parametersrelevant to generalmetasearch.Two argumentsfor

metasearchenginesarethatindividual searchengineshave relatively low coverage,andcombining

resultsfrom multiple searchenginesprovidesan improvementover any oneindividually, andno
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Figure5.4: Distributionof usefuldocumentsby searchengine

singlesearchengineprovidesall theusefulresults.

To measurethesefactorsweexamineresultoverlapandusefulresultdistribution. Severalother

studieshave concludedvery low resultoverlap,supportingthe theorythat it is beneficialto com-

bineresultsfrom differentsearchengines[LawrenceandGiles,1998a, LawrenceandGiles,1998c,

LawrenceandGiles,1998b, LawrenceandGiles,1999a, Selberg, 1999, GordonandPathak,1999].

A metasearchenginethatretrievesall of theusefulresultsfrom only onesourcesuggeststhatthere

is no needto considerothersources,andlowers the utility of a metasearchengine. Selberg dis-

cussesthe distribution of userclicks asa proxy for judgmentsof usefulness.He concludedthat

no singlesearchenginedominated,justifying theneedfor combiningresultsfrom multiple sources

[Selberg, 1999].

We analyzedresultoverlap,bothbetweenall sources,andoverlapasdistinct for modifiedand

unmodifiedqueries. Of the 2661 resultsfound as a result of a modified query3, and the 7043

resultsfoundfrom anunmodifiedquery, only 139wereduplicated.Of the11,279total documents

(this includesthespecialpurposesearchengineCiteSeerandthe“test” querymodifications)there

were867 found by morethanonesource(modifiedor unmodified),or about7.7%. Of the 2661

resultsfoundby a modifiedquery, 59 werefoundby two (of four), andtwo resultswerefoundby
3We only considerresultsfound by oneof the first four modifications,we did not countdocumentsfrom special

purposesearchenginesor “test” modifications.
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Figure5.5: Distribution of userusefulnessjudgmentsasa functionof predictedusefulness

threesearchengines,with no resultsreturnedby all four of thequerymodifications(excludingtest

modifications).

Overlapfor the unmodifiedquerieswasalsovery low with 385 of the 7043resultsfound by

exactly two sources,59 by three,and seven resultsby all four sources. The overlap of results

waslessthan8%. Of the 446 resultsthat wereof a usercategory other than“none of the above

(topicalrelevance)”thatwerevotedfor, only 23,or about5.2%4 werefoundby bothamodifiedand

unmodifiedquery.

Table5.11shows thedistribution of usefulresultsfor eachof thefour searchengineswe stud-

ied. Although Googleseemsto be a major contributor of useful results,no singlesearchengine
4We did not considerthe 59 resultsthat werevotedfor, of a real category andfound from eithera specialpurpose

searchengine,or a “test” querymodification.
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Figure5.6: Averageusefulnessandtopicalrelevancejudgmentsasa functionof searchenginerank

contributedmorethanhalf of the total usefuldocuments.For thecaseof “noneof theabove” (no

realcategory), Googlecontributedslightly morethanhalf (57%)of theusefulresults.We hadex-

pectedamoreequaldistribution of usefuldocuments,andit is not clearthatonesearchenginewill

dominatein the future. Thequerieswe submittedarenot representative of typical queriessentto

thesesearchengines,andmaybebiasedbecauseof thesubjectsof thisstudyexpectinga“dif ferent”

searchengine.Eventhoughthereis adominantsearchengine,consideringonly Googlewouldhave

removedabouthalf of theusefulresults.

Thedistribution of usefuldocumentsdemonstratesa wide variationof eachsearchengine,but

suggeststhatusingametasearchenginecandoublethetotalnumberof usefulresultsoversearching

only onesearchengine. It shouldbe notedthat we only consideredthe top 20 or 30 resultsfrom

eachsearchengine,soit is possiblethatrequestingmoreresultsmayhave increasedthepercentage

overlap. We feel it is reasonableto considersucha small web searchhorizonbecauseincreasing

thenumberof requesteddocumentswill significantlyincreaseresourcecosts,andrisk alteringthe

attitudeof thesearchenginetowardshostile.

Figure5.6shows theaverageusefulnessjudgmentandaveragetopicalrelevancejudgmentasa

functionof searchenginerank.To smoothout thedata,thesearchengineranksusedfor Figure5.6

weredivided into four blocksof five, 1-5, 6-10,11-15and16-20. Thecorrelationbetweensearch

enginerankanduserjudgmentsof usefulnesswas-0.21,suggestingavery weakrelationship.
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Webskill level Number of searches

(0) No answer 7

(1) Novice 9

(2) Limited experience 8

(3) Good,but notadvanced 43

(4) Advanced 37

(5) Websearchexpert 13

Table5.12:Distribution of userskill levels

5.3 General Observations

In additionto providing avote,userswereaskedto provideoptionalcommentsexplainingtheir

judgments.Of the 684 uservotes,310 voteshadan accompanying “canned”optionalcomment.

Table5.5shows thedistribution of comments.“Pagedid not have thecorrecttypeof content”was

the largestcomplaintwith 93 occurrences.Thesecondmostfrequentcannedcommentwas“Page

wastoogeneral”with 51occurrences.A closethird was“Wrong meaningof my terms”with 48. In

additionusershadtheoptionof providing adetaileddescriptionof their informationneed(onceper

search).79,or about67.5%of the117votebearingsearcheshadanassociateddetailedcomment.

The vastmajority of users(110 out of 117 vote bearingsearches)provided an optionalweb skill

level. Table5.12 shows the distribution of web skill levels. The skill level (3) “Good, but not

advanced”wasthemostcommon,with 43 occurrences.

Although our userstudy did not study the generalizabilityof category-basedsearchingfrom

a userperspective, someusercommentssuggestthat a betterinterfacemay be needed.Oneuser

statedthatthecategorychosenwasnotexactlywhatthey wanted,andsuggestedannew categorybe

added.Themajority of commentsweremoredetaileddescriptionsof theuser’s informationneeds,

asopposedto commentson theinterfaceor system.
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Please read the informed consent form below
If you wish to use Inquirus 2, you must agree to the terms of this document.

Other related documents include: the privacy statement and the detailed project description.

The Inquirus 2 search tool is being used as a testbed to collect data for my thesis. The study is titled: Analysis of user value
assessments of web documents with respect to both a query and a category and involves collecting anonymous user
judgements of document value. The goal of this work is to study the ability of the Inquirus 2 sytem (and its underlying
algorithms) to predict value of results. Unlike regular search engines, Inquirus 2 attempts to utilize the category you pick as
well as the query terms you enter, and we wish to examine how we can utilize the category information to provide better
search results for you.

In order to use any data collected from Inquirus 2 for my thesis, I am required to have permission from the University of
Michigan IRB Behavioral Sciences Committee. To get this permission, I am required by them to post an informed consent
form, this document, for all prospective users of the system to see. Users who do not agree to the terms of this document will
not be permitted to perform searches on Inquirus 2 while the logged data could be used for my thesis.

Use of Inquirus 2 is purely voluntary and is intended to be anonymous, unless you voluntarily provide personal information.
The system will set a cookie on your computer to track your actions, but will not ask for your personal information, except
for an optional e-mail address if you choose to register. At several points during your search you will have the option of
providing value (and topical relevance) judgements for search results, as well as optional comments. As with any use of the
system, providing of your judgements is voluntary. You must be aware that your use of the system, and any judgements you
provide will be logged. For more details on what is logged please see the detailed project description. In short, all queries you
perform, and the results you click on are logged. In addition, the links on a result page have been modified to enable me to
log which links you click on, if you wish to avoid the logging of clicks on result pages you can simply click on the url at the
top of the result page to see the original result page.

As with all web services the source IP address of all web requests is logged. If you are concerned that your IP address may
reveal your personal identity, you might wish to consider using a proxy. If you use AOL and you use AOL’s browser, you are
automatically using a proxy. If you use a dial-up ISP, in general only the geographic location you dialed is revealed. Most
ISP’s provide a free proxy and assistance on using it. While writing my thesis, if I discover information that I feel could
reveal someone’s identity, I will attempt to block it out, or obsecure it. IP addresses will not be correlated with specific
queries, and in general will be printed in aggregate form only -- i.e. 50% of the requests came from AOL users. If you have
any questions you can feel free to e-mail us at inquirus2@ericglover.com.

If you are under the age of 18, you must get your parent’s or guardian’s permission before clicking the agree button, or using
this system. Inquirus 2 sends queries to regular search engines and does not guarantee that only good results will be found,
although unlikely, it is possible results found (from the underlying search engines) may be offensive to users. The system
does not intentionally show objectionable results, and is designed to find results that are closer to what you are searching for
than by a simple text query alone. 

Normal use of Inquirus 2 is just like any other search engine, except you have the option of picking a category, such as
"personal homepages," or "research papers" to improve the search, both to find better results and to better rank the results
which are found. Sometimes Inquirus 2 might appear slower than a regular search engine. This is because Inquirus 2
sometimes pre-reads (downloads) potential documents to better predict how good they are for you.

Data collection for this experiment is done in three ways: First normal system usage, where users enter queries and click
results, provides basic implicit data. Second, every result page contains at the top a toolbar where you are asked to "vote" for
the topical relevance and the value of each page. Third, users who wish to provide more data, that will be used for my thesis
and to improve the system, are asked to utilize survey mode where you are asked to vote for seven documents prior to seeing
the ranked this. In survey mode, the system chooses what documents (from those found for your query) to present, allowing
me to collect data on both good and bad documents. In general voting should take just a few seconds, with maybe a minute
for you to read the page to decide how good it is.

All data collected is stored on servers at the NEC Research Institute Inc. ("NEC") and may be used for my thesis, and
possibly other related research projects. As stated users of the system are anonymous, and as such, even a full public release

of the queries is unlikely to permit someone to determine your true identity. IP addresses can be protected if you use a proxy,
which is recommended, and is the default for many ISPs.

All use of this system is voluntary by you, and as such you may stop using the system at any time without negative
consequences to yourself.

As required by the University of Michigan IRB, I must provide the following information:

My name is Eric Glover, and I am the Primary Investigator for this study. I am a Ph.D. student at the University of Michigan
and an intern at the NEC Research Institute: If you need to contact me I can be reached at: (XXX) XXX-XXXX (my cell
phone number) or by e-mail at: compuman@research.nj.nec.com, or compuman@eecs.umich.edu.

Should you have any questions about the consent form (in general), or research subject’s rights you may contact the IRB
directly. The contact for the IRB Administrator is Kate M. Keever: keever@umich.edu, and the phone number for the IRB is:
(734) 936-0833

By clicking AGREE below, you agree to the terms discussed in this consent form: Specifically you agree that your use of the
system may be logged, and if you are under 18 you have permission from a parent or guardian. If you do not agree, you
should not click AGREE below, and should not use this system. 

AGREE 

inquirus2 @ ericglover.com
Last modified: Tue Aug 1 19:06:16 EDT 2000 

Figure5.7: Userconsentform to useInquirus2.
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CHAPTER 6

Query Modification Learning Procedure (QMLP)

Typical web searchenginesindex millions of pagesacrossa variety of categories,andreturn

resultsranked by expectedtopical relevance. Only a smallpercentageof thesepagesmaybeof a

specificcategory, for example,personalhomepages,or researchpapers.A usermayexaminelarge

numbersof pagesabouttheright topic,but notof thedesiredcategory.

Our methodusesa classifierto recognizewebpagesof a specificcategory anddiscoversmod-

ificationsto queriesthatbiasresultstowarddocumentsin thatcategory. Theresultsof thelearning

procedurewereusedto generateseveralcategoriesin Inquirus2, andwerestudiedin theuserstudy

describedin Chapter5.

QueryModification LearningProcedureautomaticallyproducesa setof querymodifications

andsearchenginepairs that have several desirableproperties,and requiresonly an initial setof

trainingdocumentsandasmallnumberof testqueries.In this Chapter, we describeamethodology

for learningsearch-engine,query-modificationpairsto facilitatecategory-specificwebsearch.

6.1 The Problem

Givena category, a usermayguessa reasonablequerymodificationto enhancethesearch.For

example,a usersearchingfor personalhomepagesaboutpeoplewho like to “yo-yo” may guess

that adding“home page” to the queryof “yo-yo” will enhancethe results. Unfortunately, naive

querymodificationsarenotalwaysuseful,andin somecasesmaybedetrimental.Likewise,simply

guessingdoesnot accountfor differencesbetweensearchengines,further reducingthe effective-

ness.Theproblemis to automaticallylearna setof effective querymodifications,thatwhenused,

produceresultsconsistentwith theuser’s intentions.

Section3.8.2describesthepropertiesof querymodificationsusedin Inquirus2: searchengine

specific,category specific,queryindependentandsometimesnon-obvious. Any methodinvolving
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humanjudgmentwill beunlikely to discover non-obvious querymodifications.In addition,there

maybefeaturesthatindividually appearto work, but whencombineddonot,or viceversa.

The definition of a category may not alwaysbe easyto expressin simple terms. Insteadof

expectinga textual descriptionof a category to train, we begin with a setof web pagesthat are

representative of the desiredcategory. For example,a setof homepagesof researchers,a setof

researchpapers,or a setof documentsabouta particularcompany. Theconceptof category is not

limited by subject,but maybebasedon someproperty, suchaspoetrypages,or shortstories.

Theproblemis giventheinitial representativeset,discoverasetof reasonablesearchengineand

querymodificationpairs.Thelearnedsearchengineandquerymodificationpairsshouldultimately

reflectthecategory componentof auser’s informationneed.1

6.2 The Method

For aspecificcategory, ourfirst stepis to trainasupportvectormachine(SVM) [Platt,1998] to

classifypagesby membershipin thedesiredcategory. Classifieraccuracy is improved by consid-

ering,in additionto wordsandphrases,thedocuments’HTML structureandsimpleword location

information(e.g.,whetherawordappearsnearthetopof thedocument).

We then learn a set of query modifications. For this experiment,a query modificationis a

set of extra wordsor phrasesaddedto a userquery to increasethe likelihood that resultsof the

desiredcategory areranked nearthe top.2 Sincenot all searchenginesrespondthe sameway to

modifications,we useour classifierto automaticallyevaluatethe resultsfrom eachsearchengine,

and producea ranking of searchengine,query modificationpairs. This approachcompensates

for differencesbetweenperformanceon the trainingsetandthesearchengine,which hasa larger

databaseandunknown orderingpolicy.

6.3 SVMs and WebPageClassification

Categorizing web pagesis a well researchedproblem. We chooseto use an SVM clas-

sifier [Vapnik,1995] becauseit is resistantto overfitting, can handlelarge dimensionality, and

has beenshown to be highly effective when comparedto other methodsfor text classification

[Joachims,1999, Kwok, 1999]. A brief descriptionof SVMs follows.

Considera setof datapoints, ^�_H`ba>c�dIafeLc)g3g3g*ch_H`jikc�d7ile�m , suchthat `on is an input and d1n is a
1In additionto theability to locateon-category results,it mightbedesirableto considersearchengineperformanceor

otherfactorswhenevaluatingquerymodifications.
2Our systemsupportsfield basedmodifications,suchasa constrainton theURL or anchortext.
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target output. An SVM is calculatedasa weightedsumof kernel function outputs. The kernel

functionof anSVM is written as pq_H`�r,c�`�s�e andit canbeaninnerproduct,Gaussian,polynomial,

or any otherfunctionthatobeys Mercer’s condition.

In thecaseof classification,theoutputof anSVM is definedas:t�uwvyxKz5{U|~}� � �I�I�
���!�w� uwv � x@vU{�� �!� � (6.1)

Theobjective function(whichshouldbeminimized)is:� uwzE{U|��� }� � ��� }� � ��� �
�
�
� � � � � � uwv � xKv � {�� }� � �I�

� � x
(6.2)

subjectto thebox constraint�����Un�����c#�5n andthe linearconstraint� inw�ha d1nN�Un����I��� is a user-

definedconstantthat representsa balancebetweenthe modelcomplexity and the approximation

error. Equation6.2 will alwayshave a singleminimum with respectto the Lagrangemultipliers,�
. Theminimumto Equation6.2canbefoundwith any of a family of algorithms,all of whichare

basedon constrainedquadraticprogramming.We useda variationof Platt’s SequentialMinimal

Optimizationalgorithm[Platt,1998, Platt,1999] in all of ourexperiments.

WhenEquation6.2is minimal,Equation6.1will haveaclassificationmargin thatis maximized

for thetrainingset.For thecaseof a linearkernelfunction( pq_H`on�c�` �.e��¡`on¢g.` � ), anSVM findsa

decisionboundarythatis balancedbetweentheclassboundariesof thetwo classes.In thenonlinear

case,the margin of the classifieris maximizedin the kernel function space,which resultsin a

nonlinearclassificationboundary.

Someresearchhasfocusedon using hyperlinks, in addition to text and HTML, as a means

of clusteringor classifyingwebpages[Chakrabartiet al., 1998a, Flake et al., 2000]. Our work as-

sumestheneedto determinetheclassof a pagebasedsolelyon its raw contents,without accessto

theinboundlink information.

6.4 QMLP Details

Figure 6.1 shows our main algorithm, QUERY MODIFICATION LEARNING PROCEDURE

(QMLP). This algorithmfirst trainsan SVM classifieron labeleddata. The algorithmthenauto-

matically generatesa setof goodquerymodifications,ranked by expectedrecall. Finally, using

thelearnedclassifierto evaluatethequerymodificationson realsearchengines,a rankorderingof

query-modification,search-enginetuplesis produced.Theclassifierandthetuplesareincorporated

into Inquirus2 to improve category-specificwebsearch.In additionto learningthefull-pageclas-

sifier, a summaryclassifier is also learnedfor useby the selective downloadmoduleof Inquirus

2.
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QMLP( £ , ¤ , ¥ � , ¦ , § )

INPUT: Trainingexamples£ (positive) and ¤ (negative)

Setof searchengines¥ � , testqueries¦
Thenumberof resultsto consider§

OUTPUT: Rankedlist of searchengine,

querymodificationtuples ¨L©�ª xN«�¬<­
1. Generatesetof features® from £ and ¤
2. Using ® trainSVM classifier

3. ®°¯ is thetop100featuresfrom ® , by expectedentropy loss

4. Selectsetof possiblequerymodifications,¦°± | ¨�®°¯ ­y² ¨�®°¯o³�®°¯ ­
5. Remove duplicateor redundantmodifications

6. ¦°±µ´ | PRE-PROCESS-QMOD
u ¦j± x £ x ¤ {

7. Thesetof testedmodifications¦°± ´ ´�¶ ¦°± ´
8. return SCORE-TUPLES

u ¦°± ´ ´ x ¥ � x ¦ x § {
Figure6.1: QueryModificationLearningProcedure.

6.5 Training the Classifier

First we train a binary classifierto accuratelyrecognizepositive examplesof a category with

a low false-positive rate. To train theclassifier, it is necessaryto convert training documentsinto

binaryfeaturevectors,which requireschoosinga setof reasonablefeatures.EventhoughanSVM

classifiermaybeableto handlethousandsof features,addingfeaturesof low valuecouldreducethe

generalizabilityof theclassifier. Thus,dimensionalityreductionis performedon theinitial feature

set.

Unlike typical text classifiers,we considerwords,phrasesandunderlyingHTML structure,as

well aslimited text locationinformation. A documentthat says“home page”in bold is different

from onethatmentionsit in anchortext, or in thelastsentenceof thedocument.Wealsoaddedspe-

cial featuresto capturenon-textual concepts,suchasa URL correspondingto a personaldirectory.

Figure6.2 describesthe representationof documentfeatures.AppendixB describesthe symbol

featuresin moredetail.

Initial Dimensionality Reduction

Weperforma two stepprocessto reducethenumberof featuresto auserspecifiedlevel.

First, we remove all featuresthatdo not occurin a specifiedpercentageof documentsasrare
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Code Description

T Title word or phrase

TS Occursin first 75 termsof thedocument

F Occursanywherein full-text (excepttitle)

E Occursin a heading,or is emphasized

UP Word or specialcharacter(tilde) occursin the

URL path

UF Word or specialcharacteroccursin the file

nameportionof theURL

A Occursin theanchortext

S Specialsymbol – Capturesnon-textual con-

cepts,suchaspersonaldirectory, top of tree,

namein title

Figure6.2: Documentvectortypesused

wordsandvery frequentwordsarelesslikely to beusefulfor aclassifier. A feature· is removedif

it occursin lessthantherequiredpercentage(threshold)of boththepositive andnegative sets,i.e.,¸�¹ ºZ»U¹9¼�¹ º�¹I½¿¾ÁÀ�Â
and

¸�¹ Ãj»E¹9¼�¹ ÃQ¹I½¿¾\Ä)Â
Where:Å £ : thesetof positive examples.Å ¤ : thesetof negative examples.Å £AÆ : documentsin £ thatcontainfeature

t
.Å ¤EÆ : documentsin ¤ thatcontainfeature

t
.ÅÈÇ°É : thresholdfor positive features.ÅÈÇËÊ : thresholdfor negative features.

Second,weranktheremainingfeaturesbasedon entropy loss.No stopword listsareused.

6.5.1 ExpectedEntropy Loss

Entropy is computedindependentlyfor eachfeature.Let � betheeventindicatingwhetherthe

documentis a memberof the specifiedcategory (e.g.,whetherthe documentis a personalhome-

page).Let · denotetheevent thatthedocumentcontainsthespecifiedfeature(e.g.,contains“my”

in thetitle). Theprior entropy of theclassdistribution is Ì�ÍÏÎ�Ð°Ñ._K�ke�ÒÔÓ�ÐjÑ._K�Õe¢ÎÈÐjÑ�_ �<e�ÒwÓAÐjÑ/_ �<e .
The posteriorentropy of the classwhen the featureis presentis Ì » ÍÖÎ�ÐjÑ�_K� ¹ · e�ÒÔÓ°Ð°Ñ._K� ¹ · ebÎ
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Ð°Ñ�_ � ¹ · e�ÒwÓ°ÐjÑ._ � ¹ · e ; likewise, the posteriorentropy of the classwhen the featureis absentisÌ » Í Î�Ð°Ñ�_K� ¹ ·¢e�ÒÔÓ�ÐjÑ._K� ¹ · eÕÎ�Ð°Ñ._ � ¹ ·¢e�ÒÔÓAÐ°Ñ�_ � ¹ · e . Thus, the expectedposteriorentropy isÌ »1×QØ _N· e¢ÙqÌ » ×QØ _ ·¢e , andtheexpectedentropylossis

ÌlÎ�ÚfÌ » Ð°Ñ._N· e ÙqÌ » Ð°Ñ�_ · e#Û��
If any of theprobabilitiesarezero,weuseafixedvalue.Expectedentropy lossis synonymouswith

expectedinformationgain,andis alwaysnonnegative [Abramson,1963].

All featuresmeetingthethresholdaresortedby expectedentropy lossto provideanapproxima-

tion of theusefulnessof the individual feature.This approachassignslow scoresto featuresthat,

althoughcommonin bothsets,areunlikely to beusefulfor abinaryclassifier.

Oneof thelimitationsof usingthisapproachis theinability to considerco-occurenceof features.

Two or more featuresindividually may not be useful, but when combinedmay becomehighly

effective. Coetzeediscussan optimal methodfor featureselectionin [Coetzeeetal., 2001]. Our

method,althoughnot optimal, canbe run in constanttime per featurewith constantmemoryper

feature,plusafinal sort,3 bothsignificantlylessthantheoptimalmethoddescribedby Coetzee.We

performseveral thingsto reducethe effectsof possiblefeatureco-occurence.First, we consider

bothwordsandphrases(up to threeterms).Consideringphrasesreducesthechancethata pair of

featureswill bemissed.For example,theword “home” andtheword “page” individually maybe

poorat classifyingapersonalhomepage,but “home” followedby “page”might bevery useful.

A secondapproachto reducingtheproblemis to considermany features,with a relatively low

thresholdfor thefirst step.TheSVM classifierwill beableto identify featuresasimportant,evenif

individually they might not be. As a result,consideringa largernumberof featurescanreducethe

chancethata featureis incorrectlymisseddueto low individual entropy. For our experiments,we

typically consideredabouta thousandfeaturesfor eachclassifier, easilyhandledby anSVM.

6.6 ChoosingQuery Modifications

Like the work of Mitra [Mitra etal., 1998], the goal of our querymodificationis to identify

featuresthatcouldenhancetheprecisionof a query. Unlike their work, we have extra information

regardingtheuser’s intentin theform of labelleddata.Thelabelleddatadefinesacategory, andthe

learnedmodificationscanbe re-appliedfor differenttopicalqueriesthat fall in thesamecategory

without any re-learning(queryindependence).
3We assumethat thehistogramrequiredfor computationis generatedseparately, andwe assumea constanttime to

look updatafor eachfeaturefrom thehistogram.
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Oncethetrainingsethasbeenconvertedto binary featurevectors4, we generatea setof query

modifications.Selectedfeaturesmaybenon-textual,or onfieldsnotusableby everysearchengine,

suchasanchortext, or the URL. Featuresor combinationsof featuresareselectedbasedon their

predictedprecisionand recall, independentof whethera humanjudgesthem as “relevant”. We

considerprecisionasthepercentageof thedocumentsthat satisfya given querymodificationthat

are“on-category”. Recallis thepercentageof “on-category” documentsthatsatisfythegivenquery

modifications.Suchfeaturesor combinationsof featuresmaybenon-obvious.

To generatetherankedlist of possiblequerymodifications,we scoreall possiblequerymodifi-

cationsby expectedrecall. Wedefine Ü�Ý to bethesetof querymodifications,or all combinations

of oneor two features.A userparameter, P, is the desiredminimum precision. To computethe

precision,we mustconsiderthea priori probabilitythata randomresultfrom a searchengineis in

thedesiredcategory, asopposedto theprobability thata randomdocumentfrom thetrainingsetis

in thepositive set.To compensatefor thedifferencebetweenthea priori probabilityandthedistri-

bution in thetrainingset,we addaparameterÞ , definedbelow. Figure6.3shows ouralgorithmfor

rankingthequerymodifications.

Considerthefollowing definitions:Åàßhá : Setof all possiblequerymodificationsfor consideration,Å «�¬ : A singlequerymodification,comprisedof a setof oneor morefeatures:
«L¬q| ¨ t � x@t�âLx �ã�ã� t�ä!­ ,Å £jåKæ : thesetof documentsfrom £ , thepositive set,thatcontainall thefeaturesin

«�¬
,Å ¤ åKæ : thesetof documentsfrom ¤ , thenegative set,thatcontainall thefeaturesin

«�¬
,Åèç : factorto compensatefor a priori probabilityof theclass: é uwê�{�| ë ì6ëë ì6ë É1í ë î7ë ,ÅÈï : Userprovidedparameterfor minimumdesiredprecision.

ThealgorithmPRE-PROCESS-QMODreturnsa rankedlist (by expectedrecall)for eachquery

modificationthatmeetsthespecifiedprecisionlevel,P. Precisionin thiscontext is basedonpercent-

ageof resultsclassifiedaspositive; thereis noquery, only acategory. Wecanmeasureprecisionon

theweb,but cannotmeasurerecallwithout having knowledgeof all possibleresultsandtheir clas-

sification. Typical querymodificationapproachesstrive to maximizeprecision;however, a query

modificationmayoverly constraintheresultscausingvery high precision,but very low recall. As

a result, we feel that ranking query modificationsby expectedrecall is more desirable,as long

as they have at leastsomeminimum precisionrequirement. If a useris searchingfor a specific

pagein somecategory, sayanindividual’s homepage,asopposedto a setof homepagesof people
4We do not considerterm frequency information for this step,only presenceor absenceof a given featurein a

document.
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PRE-PROCESS-QMOD( ßhá , £ , ¤ )

INPUT: ßhá , £ , ¤
OUTPUT: A rankedlist of all

«�¬ñð ß)á
1. foreach

«�¬ñð ß)á
2. Computepredictedprecision:ò ´ uÔ«L¬�{U| ë ì�óõô�ëë ì óõô ë É1í ë î óõô ë
3. if

ò ´ uÔ«�¬Q{6ö ï
4. ¥I÷#ø�ùfª uÔ«�¬Q{U|µú
5. else

6. ¥I÷#ø�ùfª uÔ«�¬Q{U| ë ì�óõô�ëë ì5ë
7. end foreach

8. return all
«L¬ûð ß)á sortedby ¥�÷?øLùLª uÔ«L¬�{

Figure6.3: Initial rankingof thequerymodifications.

who have a particularinterest,low recall canmake it very likely the desiredpageis never found

[GrossmanandFrieder, 1998, VanRijsbergen,1979]. In general,thereis an inverserelation be-

tweenprecisionandrecall.Ourapproachallows theuserof thetrainingcodeto controlthisbalance

by choosingtheminimumprecisionlevel.

6.7 Scoring Query Modifications and Engines

Not all searchenginesrespondthe sameway to a query modification,or contain the same

distribution of documents.Oneusermay be looking for homepagesof personswho work for a

company, while anothermight belooking for homepagesof peoplewho own a Ford truck; in each

case,thebestquerymodificationandsearchenginemay be different. To rank the search-engine,

query-modificationtuples,we userepresentative testqueriesandapply theclassifierto theresults.

Figure6.4showsanalgorithmthatcanrankasetof searchenginesandquerymodificationsstarting

with a setof samplequeries.Therankingis basedon thenumberof valid documentsreturnedthat

areclassifiedastrue by the learnedclassifier.5 In addition,a specifiedparameterü controlshow

many resultsareconsideredfor eachsearch-enginequery. Consideringtoomany resultsmayharm

performance,while too few maynotaccuratelycapturetheeffectivenessof a giventuple. ü should

besimilar to thewebsearchhorizonusedby themetasearchenginethatwill usethelearnedquery
5The learnedclassifierconsidersmany features,in additionto wordsandphrases,reducingthechancethata single

featurecausesapageto alwaysclassifyastrue.In addition,SVMsaredesignednot to overfit, furtherreducingthechance
of a singleor smallsetof featuresdominating.
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modifications.

Thus,we definefor trainingandtesting:Å ¦°± ´ ´ : Setof querymodificationsfor testing,¦°± ´ ´7ý ß)á ,Åÿþ : A singlewebpage
ö�� ù � x�����¬ ��� ,Å ©�ª : A searchengine,©�ª ð ¥ � , all searchengines,Å « : A queryto besubmittedto a searchengine,¦ is thesetof testqueries,Åÿþ |
	���
�������ê�	�u��,{

: Downloadspageþ correspondingto URL
�

, if thereis anerror then þ is definedas§�� � ,Å�� �Eê ¥U¥��*®�� u þ x��,{ : Functionthatreturnstrueif pageþ atURL
�

is of thedesiredcategory.

Althoughthealgorithmcouldcomputescoresfor hundredsof testqueriesandtensof thousands

of possiblequerymodifications,we cautionagainstrunningit on a largeset,to avoid sendinglarge

numbersof queriesto thesearchengines.To further reducetheburdenon eachsearchengine,we

ran the algorithmserially, alternatingsearchenginesbetweeneachrequest.For our experiments,

wechoose�! #" " to bearelatively smallsubsetof thesetof all rankedquerymodifications,plusthe

querywith no modification,andat leastone“naive” modificationfor comparison.For thetraining

of thecategoriesusedin theuserstudy, weaddedtheability to recordthenumberof returnedresults

for eachsearchenginequery. Althoughit is notpossibleto computerecall,thenumberof returned

resultsmay permit choosingof a morebalancedquerymodification. A querymodificationwith

100%precision,but only returnsthreetotal results,is likely too restrictive, andis probablyworse

thanaquerymodificationthatresultsin 90%precision,but returns10,000results.

6.8 Results

To testQMLP, several categorieswerelearnedandusedin Inquirus2. Earlierwork describes

someresultsfor using early versionof the category of personalhomepagesand the category of

calls for papers,aswell asexperimentswith a gaussiankernelfunction [Glover etal., 2001]. This

dissertationfocuseson the threecategoriesusedin the userstudy: Personalhomepages,product

reviews andresearchpapers.

For eachcategory, we startedwith a set of training and testdocuments,a setof sampletest

queries,andfour searchengines:AltaVista,AllTheWeb,NorthernLight, andGoogle.In eachcase

a linear kernel function wasused,and ü wasalwaysset to 20, to matchthe web searchhorizon

usedfor theuserstudy. For eachcategory, a full-pageandsummaryclassifierwaslearnedto iden-

tify documentsin the given category. In addition,QMLP wasusedto recommenda setof query
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SCORE-TUPLES( ¦j± , ¥ � , ¦ , § )

INPUT: List of searchenginesandquery

modificationsto test,testqueries,¦ ,

a parameter§
OUTPUT: A rankedlist of all

ö]«L¬kx ©�ª �
1. foreach

«L¬ûð ¦°±
2. foreach ©�ª ð ¥ �
3. ¥I÷#ø�ùLª�åKæ%$ &�' | EVAL-TUPLE

uÔ«�¬Õx ©�ª x ¦ x § {
4. end foreach

5. end foreach

6. return all
öÿ«�¬Õx ©�ª � in ¦°± x ¥ � ,

sortedby ¥I÷#ø�ùfª�åKæ�$ &�'
EVAL-TUPLE(

«�¬
, ©�ª , ¦ , § )

INPUT: Querymodification
«�¬

, searchengine©�ª ,
testqueries¦ , §

OUTPUT: Relative scorefor thetuple
ö]«�¬Õx ©�ª �

1. INITALIZE ©�÷#ø�ùfª |µú
2. foreach

«°ð ¦
3. ( | first § resultURLs from searchengine©�ª

with queryCONCAT
uÔ«.x�«L¬�{

4. foreachurl
��ð (

5. þ |)	���
*���+��ê,	�u��,{
7. if þ.-| §�� � AND � �5ê ¥E¥��*®�� u þ x/�,{5|10 (�2 �
8. ©�÷?øLùLª | ©�÷#ø�ùLª � �
9. end if

10. end foreach

11. end foreach

12. return ©�÷#ø�ùLª
Figure6.4: Functionsto scoreeach3*46587:9<;>= pair for a givenclassifierandtestqueries.
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modificationsfor eachsearchengine.For consistency, we choosethebestquerymodificationfrom

eachsearchenginefor ouruserstudy, eventhoughonesearchenginemayhave severalquerymod-

ificationsappearingto performbetterthanthebestquerymodificationfrom anothersearchengine.

In additionto choosingthebestquerymodificationfor eachsearchengine,we alsochoosea sec-

ond querymodificationfor onesearchengine(to allow us to measureoverlapbetweenmultiple

querymodificationsfor thesamesearchengine)anda “bad” querymodificationfor lateranalysis

of effectiveness.

For eachcategory, a setof positive pageswere found usingvariousmethods,including web

searching,recommendations,andhubpages.Negative pageswereformedfrom a combinationof

randompages(found from a pseudo-randompick of a 200 million pageweb crawl) andnegative

pagesthatwere“near-misses”foundwhile searchingfor positive pages.

6.8.1 PersonalHomepages

A personalhomepageis a difficult conceptto defineobjectively. The definition we usedis a

pagemadeby an individual (or family) in an individual role, with the intent of being the entry

point for informationabouttheperson(or family). It is possiblea personmayhave morethanone

personalhomepage,andit is alsoacceptablefor a personto dedicateherhomepageto an interest

andor hobby, but notto corporateendeavors.Pagesthatweremanualredirectsor entrypages(pages

that hadonly an imageanda small amountof text) wereremoved from the trainingandtestsets.

Wealsoconsideredonly pagesin English,althoughthesymbolandstructuralfeaturesarelanguage

independent.

For training we used598positive examples,and1200negative examples.The initial training

wasperformedusingthresholdsof 7.5%for boththepositive andnegative,andthetop600features

by expectedentropy werekept.To make theclassifiermoregeneral,werestrictedthetrainingsetto

a maximumof 5%of any of thedocumentsfrom any onedomain.

Table6.1lists thetoptenfeaturesasscoredby expectedentropy loss,andTable6.2 lists thetop

10 featuresafter scoringby the SVM (linear kernel function). Many featuresrank high for both,

but somefeatures,suchas“my” in thetop 75 termsscoredhigh for expectedentropy loss,but was

not useful for the SVM classifier;probablybecauseother featuresco-occurwith “my”. The top

ranked featurewas“UF./” or the URL endingin a slash,consistentwith the URLs of mostper-

sonalhomepages.Thehighscoringfeature“S.dpersonal”statesthattheURL representsastandard

“personaldirectory”;suchastheURL beinghttp://people.domain.net/user/file or

http://domain/people/user/file or http://domain/ ? user/file.

For testingof the personalhomepageclassifier, we used335 positive and 994 negative test
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1 UF./

2 TS.my

3 S.dpersonal

4 F.my

5 T.s

6 T.page

7 T.homepage

8 T.home

9 T.shome

10 TS.i

Table6.1: Thetop 10 featuresfor personalhomepagesasscoredby expectedentropy loss

# Feature Weight

1 S.dpersonal 1.03

2 UP.geocities 0.98

3 UF./ 0.8

4 T.homepage 0.8

5 UF.index 0.78

6 T.page 0.65

7 TS.work 0.55

8 TS.thispage 0.55

9 F.complete -0.53

10 UP.user 0.48

Table6.2: Thetop 10 featuresfor thepersonalhomepageclassifier

documents.Theaccuracy of thefull-pageclassifieron thepositive classwas94.3%and97.3%for

the negative class. The relatively high accuracy comparesfavorably with the restrictedpersonal

homepageclassifierof Blum [Blum andMitchell, 1998].

In additionto the full-pageclassifier, we traineda summaryclassifierto be usedwith the se-

lective downloadmodule. To train a summaryclassifier, we consideredonly the title, URL, and

thefirst 25 wordsof thedocument.We did not utilize actualsearchenginesummariesfor training

our summaryclassifier. Thesummaryclassifierdefinesa new featuretype “TN” standingfor topü terms,in this case25. The summaryclassifierwascreatedusingboth a positive andnegative

thresholdof 5%,andall 150featuresmeetingthethresholdwerekept.

Thesummaryclassifierwasremarkablyaccurateat identifyingadocumentasapersonalhome-

page. The positive accuracy was88.7%,slightly worsethanthat for the full pageclassifier. The

negative accuracy was97.5%,effectively thesameasthenegative for thefull-pageclassifier. The
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# Feature Weight

1 UF./ 3.86

2 TN.thispage 3.71

3 UP.people 3.63

4 TN.engineering 3.47

5 UP.geocities 3.44

6 TN.i m 3.01

7 TN.i am 2.95

8 TN.to my -2.74

9 TN.my 2.65

10 TN.welcome 2.45

11 TN.welcometo my 2.26

12 UF.index 2.05

13 UP.home 2.04

14 TN.search -1.99

15 TN.homepage 1.97

16 TN.phonefax 1.92

17 TN.research 1.88

18 S.dpersonal 1.78

19 S.toptree -1.66

20 TN.at -1.59

Table6.3: Thetop 20 featuresfor thepersonalhomepagesummaryclassifier

relatively high positive accuracy for the summaryclassifierwas probablybecausemost features

identifying apersonalhomepageappearto occurin thetitle andURL.

Table6.3 lists the top 20 scoringfeaturesfor the summaryclassifier. Noneof the top twenty

featuresbasedon SVM weightarein thetitle. About onethird of thetop twentyfeaturesarein the

URL or arespecialsymbolfeatures.

QMLP alsogeneratedasetof querymodificationsfrom thetrainingdata.Table6.4lists thetop

15 querymodificationssortedby predictedrecallwith at least50%predictedprecision.

Severalof the top predictedquerymodifications,plusnaive querymodificationsandno query

modificationwereusedastheinput to @j�BA!CED Î�FBG ×!H DI@ . Evaluationof eachquerymodifica-

tion involvesnumerousrequeststo eachsearchengine(onefor eachtestquery)soit is impracticalto

testall of them.Table6.5shows severalof thebestpredictedquerymodificationsandtheprecision

of unmodifiedqueriesfor eachsearchengine.The querymodificationswerescoredby balancing

thenumberof returnedresultswith theirprecision.For thesequerymodificationsseventestqueries

wereused:“information retrieval”, “palm pilot”, jones,smith,“ballroom dancing”,“electricalen-
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# Query modification Predicted

precision

Predicted

recall

1 F.my + T.page 54 30

2 TS.my+ T.s 58 28

3 F.my + T.home 63 25

4 T.s+ T.home 62 24

5 F.my + T.homepage 70 23

6 TS.my+ T.page 70 23

7 T.shome 82 23

8 T.page+ TS.i 60 22

9 T.s+ T.homepage 60 22

10 T.shomepage 81 21

11 T.homepage+ T.shome 81 21

12 T.page+ T.shome 81 21

13 T.homepage+ F.i 59 21

14 TS.my+ T.home 80 20

15 T.shome+ F.of 80 20

Table6.4: Thetop 15querymodificationsfor personalhomepagesbasedonpredictedrecall

gineering”,and“sony playstation”.

Theeffectivnessof querymodificationsasappliedto actualuserqueriesis discussedin Section

5.2.1. The resultsof QMLP for personalhomepages(Table6.5) demonstratesthe importanceof

choosingappropriatesearchenginesfor eachquerymodification. Therewasa wide variationbe-

tweenthemeasuredprecisionandapproximaterecall for eachquerymodificationfor eachsearch

engine.In generalthesearchengineAllTheWebperformedbest(thebestranked querymodifica-

tion with reasonablerecallanda precisionof 86%),with NorthernLightperformingworst(thebest

querymodificationhadlessthan60%precision,andlower recall)for this category.

6.8.2 Product reviews

The secondcategory usedin our userstudy was “Product reviews”. Originally intendedto

be pagesthat provide a review of a hardwareor softwareproduct,this category wasexpandedto

considernon-computerproducts,suchaslawnmowers,cars,etc. In addition,a documentthatwas

a musicor movie review wasalsoconsideredpositive. A typical review would mentiona product

andprovide somebasicdescriptionof its featuresaswell asanopinionon it. Most reviews would

provide links to whereto buy theproduct,or pricing information,althoughfor moviesthis wasnot

applicable.

105



Search

engine

Query modification Predicted

precision

Reported

results

FA +”s home”+page 86 288734

FA +”s homepage” 87 179425

FA +i +”s home” 82 257417

FA +title:”s homepage” 90 11352

FA +”welcometo my” +page 83 24324

AV +title:”s homepage” 82 11913

AV +”s home”+page 69 41279

GO welcome”to my” 61 272510

AV +my +title:home 68 15016

NO +”aboutme” 59 86644

NO +”researchinterests” 59 72122

GO ”s home”page 57 39908

FA +”i am” +publications 54 117247

GO ”s homepage” 59 21105

FA nomodification 14 14748463

GO nomodification 11 21534800

AV nomodification 11 3338061

NO nomodification 8 10473703

Table6.5: Severalof thetop rankedquerymodificationsfor thecategorypersonalhomepages

For trainingwe used818negative and199positive documents.Thetrainingandtestsetswere

foundin thesamemannerasthetrainingandtestsetsusedfor thecategoryof personalhomepages.

For training,weusedpositive andnegative thresholdsof 7.5%andkeptthetop1000featuresbased

on expectedentropy loss. Table6.6 lists the top 15 featuresof the productreview classifier. As

expected,theword “reviews” is very significant.Thesystemdiscoveredthat“reviews” in theURL

path,thetitle andthefull text wereall significant.Thephrase“productreviews” occuringin thefull

text wasalsoimportant.

To test the full-pageclassifier, we useda testsetof 73 positive and800 negative documents.

The positive setdemonstratedroughly85% accuracy, andthenegative setroughly 98%accuracy.

All of thefalsenegatives(positivesclassifiedincorrectlyasnegative) scoredgreaterthan-1.5,with

mostscoringgreaterthan-1. Themajorityof thenegativedocumentsscoredlessthan-1 suggesting

that a shift in the biasterm will reducethe falsenegative rateat the expenseof the false-positive

rate.Addingproduct-review specificfeaturesor addingmoredocumentsto thepositive trainingset

mayimprove theoverall accuracy.

In additionto the full-pageclassifier, we traineda summaryclassifierfor useby the selective
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# Feature Weight

1 F.reviews 0.15

2 UP.com 0.14

3 F.which 0.14

4 F.first 0.12

5 F.were 0.12

6 E.reviews 0.11

7 F.but 0.11

8 UP.reviews 0.11

9 T.reviews 0.11

10 F.test 0.1

11 F.overall 0.09

12 F.productreviews 0.09

13 F.tools -0.09

14 F.digital 0.09

15 F.quite 0.09

Table6.6: Thetop 15 featuresfor theproductreviewsclassifier

downloadmodule. Table6.7 lists the top 15 featuresfor thesummaryclassifier. Theaccuracy of

thesummaryclassifierwasabout95%for thenegative testset,andabout92%for thepositive test

set.Thesummaryclassifierperformedslightly worsethanthefull classifierfor thenegativeset.For

thepositive set,therelatively smallsizedoesnotguaranteethesummaryclassifieris moreaccurate

thanthefull-pageclassifier, eventhoughit appearssignificantlymoreaccurate(92%vs 85%).

A positive thresholdof 0.9 would eliminateabouthalf of the falsepositives,while preserving

themajority of thepositive documents.A negative thresholdof -0.9 would eliminateall but three

of the falsenegatives, while preservingmore than80% of the negative documents.Assuminga

perfectfull-pageclassifier, suchthresholdswouldproduceasignificantaccuracy improvementover

thesummaryclassifier, while permittingthefarmajorityof thedocumentsto beclassifiedusingthe

summaryclassifier.

QMLP wasrun to produceasetof rankedquerymodifications.Table6.8listsseveralof thetop

rankedquerymodifications.Togeneratethesemodificationsseventestquerieswereused:monitors,

“pentium iii”, “sony viao”, smith, “web tv”, “windows 2000”, “diablo ii”. The top ranked query

modificationsfor bothGoogleandAllTheWebcontaintheword reviews andtheletterT. This may

be a resultof somespecialcodeembeddedin theHTML not parsedout andmistaken for text. It

shouldbe notedthat the resultsdo demonstratea noticableimprovementfor querymodifications

with theadded“T”. This is anexampleof anon-obviousquerymodification.
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# Feature Weight

1 UF.rev 1.79

2 TN.downloads 1.62

3 T.product 1.56

4 TN.vision -1.53

5 T.reviews 1.47

6 UP.co 1.38

7 TN.auctions -1.32

8 TN.design 1.28

9 TN.p -1.24

10 UP.com 1.19

11 TN.network 1.17

12 TN.how to -1.09

13 UP.uk 1.05

14 TN.pcmagazine -1.05

15 TN.reviews 0.99

Table6.7: Thetop 15 featuresfor theproductreviewssummaryclassifier

6.8.3 Research papers

Thethird category usedin our userstudywas“Researchpapers”.A webpagethatwasconsid-

eredpositive wasa researchpaper, or a very detaileddocument.A webpagewith several links to

postscriptfiles wasnot considereda researchpaper, however a shortabstractthat links to a single

pdf or postscriptfile wasconsidereda researchpaper. Researchpapersdid not needto beformal,

but neededto bedetailed.A white paper, or evena detailedessaywouldbeconsideredpositive.

For training, we used885 negative and250 positive documents.To producea moregeneral

classifierwe limited thepositive setto five percentof thedocumentsaboutany onetopic or from

any onedomain.Table6.9 lists thetop20 featuresandtheirweightaslearnedby theSVM.

The testset involved 994 negative examplesand35 positive examples. The accuracy for the

negative setwas98.5%,andthe negative setwasabout86%. Due to time constraintstherewere

slightly under300positive documents.To improve overall accuracy of theclassifier, we decidedto

increasethenumberof documentsin thetrainingsetover thetestset.

In additionto training the full-pageclassifierfor researchpapers,we alsotraineda summary

classifier. Table6.10lists the top ten featuresfor the researchpapersummaryclassifier. Unfortu-

nately, dueto anerrorwhenrunningtheQMLP scripts,textualsummaryfeatures(typeof TN) were

excludedfrom the summaryclassifier. Despitethe lack of summarytext features,the summary

classifierdemonstrated97.7%accuracy for the negative set,and37.1%accuracy for the positive
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Search

engine

Query modification Predicted

precision

Reported

results

GO reviews so 72 769841

GO reviews t 70 919108

FA +reviews +t 69 496805

GO featurenice 71 189200

GO graphicsnice 71 160252

FA +reviews +quality 69 233105

GO ”you can”better 63 1216690

FA +features+review 65 376456

FA +”it s” +review 62 410647

GO morereviews 59 1028508

NO +graphics+nice 62 172851

AV +feature+nice 66 58727

GO review 54 1608491

FA +review 52 424755

AV +review 39 108782

GO nomodification 14 15836460

NO nomodification 5 11193733

AV nomodification 5 5960345

FA nomodification 4 1942710

Table6.8: Severalof thetop rankedquerymodificationsfor thecategoryproductreviews

set. The low accuracy for thesummaryclassifierfor thepositive setis likely dueto thefact thata

title andashortsummarycannoteasilycapturetheformatanddetaillevel of aresearchpaper;there

arefew termsthat arecommonto a significantpercentageof researchpapersthat would occurin

thetitle or summarytext. In addition,therelatively smallpositive trainingandtestsetsreducethe

accuracy andability to measuretheaccuracy of theclassifier.

If a positive thresholdof .9 wasused,the falsepositivesarecut in half, but at a reductionof

thenumberof positive documentsdownloaded.However, usingany positive thresholdwill permit

the falsenegative documentsto bedownloadedandclassifiedwith thesignificantlymoreaccurate

full-pageclassifier. Despitetherelatively low accuracy of thepositive classifier, combinedwith the

full-pageclassifierwouldresultin veryhighaccuracy for bothpositiveandnegativedocuments,and

couldresultin asignificantreductionin thenumberof positive documentsdownloaded.

Toproduceasetof querymodificationandsearchenginepairs,weranQMLPonsix testqueries:

”metasearchengine”,maes,soloway, ”art history”, ”cellular mitosis”,andantenna.Table6.11lists

severalof thebestquerymodificationsandthescoresfor nomodificationfor eachof thefour search
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# Feature Weight

1 A.pdf 0.34

2 F.next 0.21

3 F.this 0.19

4 F.introduction 0.16

5 F.at the -0.16

6 TS.university 0.16

7 F.under -0.15

8 F.terms 0.15

9 F.is a -0.14

10 F.part -0.14

11 TS.abstract 0.13

12 F.is also 0.13

13 E.abstract 0.13

14 F.asa 0.12

15 TS.introduction 0.12

16 F.abstract 0.12

17 F.measure 0.12

18 F.shouldbe -0.12

19 E.in -0.12

20 F.pp 0.12

Table6.9: Thetop 20 featuresfor theresearchpaperclassifier

engines.Table6.12lists thepredictedprecisionandrecallbasedon thetrainingdata.Theoriginal

predictionscanbecomparedwith thefinal measureddataproducedby QMLP.

6.9 QMLP Summary

ThealgorithmQMLP hasbeendemonstratedin several categoriesto producehighly effective

category-specific,query-independent, search-engine-specific, and sometimesnon-obvious query

modifications. The algorithm can run using reasonabletime andmemoryresourcesfor training

setsof thousandsof pages,and can discover query modificationsof words or up to threeword

phrases.Thesequerymodificationscanbe specificto features,suchasthe title or URL. Section

5.2.1of our userstudydemonstratesa significantimprovementin theability to locateon-category

documentsfor userqueries.Unfortunately, resultsthatareon category arenot alwaysuseful. The

userstudyalsodemonstratedthattherewasa lossof averagetopicalrelevancefor modifiedqueries.

TheQMLP algorithmdoesnot considertopical relevancefor returnedresults.This introducesthe
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# Feature Weight

1 T.abstract 1.02

2 UP.publications 1.01

3 UP.papers 0.97

4 T.model 0.7

5 T.an 0.57

6 T.in 0.49

7 UP.net -0.49

8 T.a 0.39

9 S.toptree -0.38

10 T.information 0.05

Table6.10:Thetop 10 featuresfor theresearchpapersummaryclassifier

possibility that a searchenginecould returnon-category documentsnot aboutthe original query,

but still consideredeffective.
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engine

Query modification Predicted

precision

Reported

results

FA +introduction+”shown in figure” 80 2763

NO +”this paper”+”lik ely to” 63 3569

NO +introduction+”shown in figure” 64 3166

GO abstractintroduction 54 17704

GO introduction”shown in figure” 76 2914

FA +figure+”in thispaper” 66 2290

GO ”canbe” ”shown in figure” 72 4856

AV +”this paper”+”lik ely to” 68 1486

FA nomodification 6 420477

GO nomodification 5 487320

AV nomodification 2 298864

NO nomodification 1 1053584

Table6.11:Severalof thetop rankedquerymodificationsfor thecategory researchpapers

Query modification Predicted

precision

Predicted

recall

F.introduction+ F.shown in figure 58 14

F.shown in figure+ TS.introduction 100 5

F.thispaper+ F.likely to 61 16

F.likely to + TS.thispaper 100 5

F.abstract+ F.introduction 11 64

TS.abstract+ F.introduction 22 46

TS.abstract+ TS.introduction 15 14

Table 6.12: The predictedprecisionand recall for someof the top ranked query modificationsfor the

categoryof researchpapers
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CHAPTER 7

Conclusion,Summary and Futur e Work

Currentgeneral-purposesearchenginesareone-size-fitsall; they donot considertheindividual

needsof asearchinguser. As aresult,ausermaybeforcedto manuallysubmitherqueryto multiple

searchengines,andor manuallyexaminedozensof uselessresultsto find asmallnumberof useful

results.This dissertationexploredseveralof theproblemsthatmake finding usefulresultsdifficult

for websearchor metasearchengines.WethenpresentedInquirus2, apreference-basedmetasearch

engine,that utilizes several architecturalimprovementsto help reducesomeof the problemsthat

limit theability to find usefuldocuments.

This dissertationpresentedfour contributions:First,we describedseveralresultsfrom our user

study relatedto userjudgmentsof usefulnessand userjudgmentsof topical relevance. Second,

we presentedQueryModificationLearningProcedure(QMLP), anautomatedalgorithmthatlearns

sourceandcategory-specificquerymodifications.Third, we presentedseveraltechniquesthatwere

implementedandtestedthat incorporatecategory into themetasearchengineprocess.Fourth,we

presentedselective downloadasaperformanceenhancingcomponentfor Inquirus2.

To improve our understandingof usefulness,we studiedthe relationshipsbetweenuserjudg-

mentsof topical relevance,documentcategory, anduserjudgmentsof usefulness.We discovered

a boundingrelationshipwherethe level of topical relevanceprovidedanupperboundon the level

of theusefulnessjudgment.We alsoobserved thatbothcategory andsourceandcategory-specific

querymodificationsimprove theaverageusefulnessjudgmentsof documentsjudgedashighly top-

ically relevant.

QMLP testingreturnedresultsthatwereon-category for no querymodificationlessthan10%

of thetime for thetestqueries,with sometestsreturningon-category resultsfor no modificationas

little as2%of thetime. In additionto significantlyimproving thepercentageof on-category results,

modifiedqueriesincreasedtheaverageusefulnessof resultsjudgedashighly topicallyrelevant.The

averageusefulnessfor modifiedqueriesjudgedas5 out of 5 for topical relevancewas4.6, while
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unmodifiedqueriesjudgedas5 out of 5 for topical relevancehadan averageusefulnessof only

4.16. However querymodificationsloweredtheaveragetopicalrelevanceresultingin fewer useful

resultsonaverage.

Our userstudyconfirmedtheeffectivenesstheseveralof thearchitecturalimprovements.Our

chosenquerymodificationswereshown effective with 75% of the resultsfrom modifiedqueries

classifiedas on-category, and highly topically relevant documentsfound from modified queries

demonstratedasignificantimprovementin averageusefulness.

Selective downloadwasdemonstratedto improve performanceby not downloadingabout16%

of theresults,anddemonstratedanability toquickly locateusefuldocuments.Documentsnotdown-

loadedwerescoredandpresentedin significantlylesstime perresultandwith a higherprobability

of beingjudgedasuseful.29%of theresultsjudgedasuseful(judgedas5 out of 5 for usefulness)

werefoundwithout download,eventhoughsignificantlylessthan29%of thetotal resultswerenot

downloaded. The selective downloadworks well whencombinedwith the incrementalinterface

to permit usersto quickly find someof theusefulresults.Over 63% of the resultsfound without

downloadwerescoredwithin the first 5 secondsof the search,comparedwith about11% of the

downloadedresults. The averageusefulnessfor resultsdownloadedwas2.75, while the average

usefulnessfor resultsthatwerenotdownloadedwasonly 2.24.

Although our particularscoringfunctionswere not shown to be very accurateat predicting

usefulnessoverall, theconceptof need-basedscoringwasdemonstratedeffective. Consideringthe

categorywhenscoringdocuments,demonstratedasignificantimprovementin averageusefulnessof

highly topically relevantdocuments(4.52vs 3.79),suggestingthatconsideringtheuser’s category

whenscoringdocumentsis beneficial.

Wedid not studysourceselectionor theincrementalinterfacein detail.

Our userstudyalsoanalyzedseveral parametersof interestrelatedto metasearchin general.

First, we confirmeda very low resultoverlap,bothbetweenall searchengines,andbetweenmod-

ified andunmodifiedqueries. The low overlap is consistentwith the resultsof several otherpa-

pers.Second,wedemonstratedanimbalancebetweentheusefuldocumentcontribution of different

searchengines.Althoughnosearchenginecontributedmorethanhalf of thetotalusefuldocuments,

Googleproducedsignificantlymore(nearlyhalf of all usefuldocumentsfound)usefuldocuments

thenall of theothersources.This datasuggeststhatdespiteastrongimbalance,metasearchingstill

providesmoretotal usefuldocumentsthanany onesearchengine(givenonly thetop20 resultsare

consideredin all cases).Our studywasdesignedto choosewhich documentsto presentto users,

andasked for anexplicit usefulnessjudgment.Our methodis likely moreaccuratethena method

usingimplicit feedback,suchasuserclicks or time spenton a page.In addition,sinceour system
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choosethe results,eachsourcecanhave equalrepresentation,andusersarelesslikely to make a

mistake thanby judgingbasedonly ona title or summary.

7.1 Futur e Work

This dissertationexploresseveral architecturalimprovementsto metasearchenginesthat can

improve the ability to locateandidentify usefuldocuments.We identify several areasfor future

work:

J Improve theaccuracy of the topical relevancefunctionsby incorporatingotherfactorssuch

asTFIDF from aproxy collection,asdescribedby Craswell[Craswelletal., 1999].

J Improve the userinterfaceandallow usersto train their own categories,using very small

trainingsets.

J ImproveQMLP to considertopicalrelevance,to provideamoreeffectivequerymodification,

balancingbothtopicalrelevanceandon-category precision.

J Add morecategoriesto Inquirus2 andbetterunderstandthedifferencesbetweencategories

onusefulnessjudgmentsandeffectivenessof thearchitecturalcomponents.

J Improvethescoringfunctionsbybothconsideringtheresultsfromtheuserstudy, andlearning

theweightsof variousattributes.

Our userstudydemonstratedthe effectivenessof several architecturalimprovementsfor web

metasearchengines.However, it alsodemonstratedthe inadequacy our topical relevancefunction.

Futurework shouldfocus on improving topical relevancepredictions,both by incorporatingex-

tra information,suchasproxy statisticsto allow computationof TFIDF, andto learnappropriate

category-specifictopicalrelevancefunctions.

QMLP, althoughshown effective at locatingon-category documents,loweredaveragetopical

relevanceof the results. Futurework could be to improve QMLP suchthat it considerstopical

relevancewhenrankingsearchengine,querymodificationpairs.Onewayto dothis is to scoreeach

documentusingacombinationof a topicalrelevancefunction(ideallyonethatis category-specific)

andthecategory classifier. Otherfuturework canincluderunningQMLP on morecategoriesanda

new studythatmeasuresconsistency of theeffectivenessof QMLP on a largersetof categories.

Theboundingrelation,combinedwith thedataontheeffectof categoryonuserusefulnessjudg-

ments,suggeststhattheimportanceof categorydecreaseswith lower levelsof topicalrelevance.As
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a result,improvedscoringfunctionsshouldbecreatedthatadjusttheweightsasappropriate,possi-

bly usinga form otherthanadditive. Thereareprobablymany factorsotherthantopical relevance

andcategory thatshouldbeconsideredwhenscoringdocuments.AlthoughInquirus2 supportsthe

useof arbitraryattributesaspartof thescoringfunction,we did not studythesignificanceof any

otherattributes.
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APPENDIX A

Categories,Scoring Functions,and AssociatedQuery Modifications

The userstudyof Inquirus2 allowed usersto choosefrom four categories: researchpapers,

reviews, personalhomepages,and“none of the above (topical relevance)”. In addition, Inquirus

2 allowed searchingusersto choosefrom several othercategories. Eachcategory specifieda list

of searchenginesandquerymodifications,andanassociatedscoringfunction. TableA.1 lists the

specificscoringfunctionsusedby eachof the four categoriesusedfor the userstudy. TableA.4

presentsa list of several of thecategoriesavailablein Inquirus2, their description,theassociated

searchenginesandquerymodificationpairs,andtheattributesusedby each.TableA.2 definesthe

searchenginecodes.TableA.3 providesadescriptionof theattributesusedin TableA.4.

Category Scoring function

noneof theabove (topicalrelevance) (1,quicktr, ’(0,0) (75,75),(100,100)’)

researchpapers (.5,new researchpapers,’(-1,0) (.5,100)’)(.5,quicktr, ’(0,0) (75,75)(93,100)’)

reviews (.5,prodrev, ’(-1,0) (.75,100)’)(.5,quicktr, ’(0,0) (75,75)(97,100)’)

personalhomepages (.5,new personalhp, ’(0,0) (.5,100)’)(.5,quicktr, ’(0,0) (75,75)(97,100)’)

TableA.1: Scoringfunctionsfor thefour categoriesusedin theuserstudy.

TableA.1 lists thescoringfunctionsusedby eachof thefour categoriesin our userstudy. For

eachscoringfunction, thereis a list of tuples( K ÌMLON�PRQ , STQUQ Ø L�VXW<V+Q�Ì , Y+L?Ì[Z3Ì\K>LU]�Ì�^/LKü)Ì[S Ø ·_V5ü`Z<QULba/ü ).

Theattribute cdV�LbZ\e�Q Ø is abuilt-in attributerepresentingthetopicalrelevanceof thedocument.The

selective download moduledecidesif cdV�LbZ\e�Q Ø is determinedbasedon the downloadedresult or

thesummary. Theattributes ü)ÌMK Ø Ì[]/ÌMS Ø Z\PfY�SMYyÌ Ø ] , Y Ø ahg Ø Ì\i , and ü)ÌMK Y6Ì Ø ]�a�ü`S�^ PfY refer to the

output of the classifieras appliedto eachpage. If the documentis downloaded,then the full-

pageclassifieris used,if not, the summaryclassifieris applied. The selective downloadmodule

is discussedin detail in Section4.3.3. For resultsfound from the special-purposesearchengine

CiteSeer, ü)Ì\K Ø Ì[]/ÌMS Ø Z6PfY�S[Y6Ì Ø ] is set to .49. Resultsfrom CiteSeerare assumedto always be
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researchpapers,anda fixed valueof 0.49, whenappliedto the associatedscoringfunction, will

produceanearlyperfectscorefor ü)Ì\K Ø Ì�]�Ì[S Ø Z\PhY�S[Y6Ì Ø ] .
Search enginecode Search engine Search enginecode Search engine

AB ABCNews AV AltaVista

CS CiteSeer EE EETimes

FA AllTheWeb GO Google

HB HotBot (now a partof Lycos) NE News.com(partof CNET)

NO NorthernLight SN Snap(now partof NBCI)

YH Yahoo

TableA.2: Searchenginecodesusedby Inquirus2

Attrib ute Description

agrade Theaveragegrade-level, determinedby processingthenumberof syllablesin eachwordandaveragelength

of a sentence

avworddist Averagedistancefrom thetopof thedocumentto thefirst occurenceof eachqueryterm

genscore A handmadefunctionthataddspointsbasedon thenumberof “generallike” features

GFOG A computationof theGunningFOGscore,apredictorof thereadinglevel of “easier”documents

homepage A handmadefunctionthataddspointsbasedon thenumberof “homepagelike” features

latex A binaryattributewhereTRUE meansthedocumentwascreatedusingthetool LaTeX2HTML

pathlength Thenumberof slashesafterthedomainnamein theURL

researchpaper A handmadefunctionthataddspointsbasedon thenumberof “researchpaperlike” featurespresent

topicalrelevance A predictionof thetopicalrelevanceof adownloadeddocument

wordcount Thenumberof wordsin therenderedtext of thedocument

wordproximity A measureof therelative proximity of queryterms

wordsinfirst30percent Thepercentageof querytermsoccurringin thefirst 30 renderedwordof thedocument

wordsinrefspercent Thepercentageof querytermsoccurringin a “references”sectionof apage

wordspersection Theaverageof thenumberof wordsfor eachHTML “section”

TableA.3: Built-in attributesusedby Inquirus2

Inquirus2 supportsmany searchengines.Themodulardesignallows for easyadditionof new

searchengines,aswell aseasyincorporationinto existing or new categories. Unfortunately, the

searchengineparsersrequiremaintenanceto ensurethatthey arealwaysupto datewith thecurrent

outputuserinterfaceof eachsearchengine.
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TableA.4: Categoriesin Inquirus2, their querymodifications,scoringfunctions,andattributes

120



APPENDIX B

SymbolFeatures

QMLPdescribedin Chapter6,describesourprocedurefor learningsourceandcategory-specific

querymodifications.Thefirst stepinvolvestrainingadocumentclassifier. To improve theability to

classifywebpages,we addedseveral typesof features.Typical featuresincludewordsor phrases

modifiedby their associatedHTML tags,suchastitle or heading.We alsoconsiderword location

(currently we only differentiatebetweenwords in the top 75 wordsof the documentandwords

anywhere in the full text), or words in the URL. Somefeaturesmay not have a corresponding

textual representation,suchasif thereis a person’s namein the title. To handlethesefeatures,a

typecalled“symbol” wasusedanddenotedwith a “S.” asthefeaturetype.Symbolfeaturescanbe

addedto improve theaccuracy of classifiersfor specificcategories.

Feature Description

S.ttermj A setof featuresdescribingthenumberof wordsin thetitle. S.tterm4meansexactly

4 termsin thetitle. S.tterm7pmeans7 or moretermsin thetitle.

S.wordcountj A setof featuresdescribingthe numberof wordsin the document.The larger the j
thelargerthewordcount.j rangesfrom 0 (0-99words)to 5 (1600or morewords).

S.toptree If true,thenthedocumentURL refersto a webpageat thetop of theURL hierarchy,

e.g.,“http://www.aol.com/privacy.html”.

S.dpersonal If true,thenthedocumentURL refersto afile likely to bepresentin apersonaldirec-

tory, e.g.,“http://members.mydomain.com/user123/myfile.html”.

S.titleStartsWithName If true,thetitle startswith aperson’sname.

S.dlinksj A setof featuresdescribingthenumberof links pointingto a pagebelow thecurrent

page.

S.outlinksj A setof featuresdescribingthenumberof outboundpointinglinks.

TableB.1: Thesymbolfeaturesusedby our full-pageclassifiers
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TableB.1 describesthesymbolfeaturesthatwereavailablefor full-pageclassifiers.Somefea-

turessuchaswordcount(S.wordcountk ) or title terms(S.ttermk ) aresimpleto compute.Features

suchasS.dpersonal,or S.titleStartsWithNamearedefinedthroughheuristics.A URL canbecon-

sidereda “personaldirectory” basedon severalcommonfeaturesincludinga tilde ( l ) or common

words in the URL suchas “people”, “homepages”,or “members”. A person’s namein the title

is determinedbasedon heuristicsthatutilize lists of known first andlastnames(surnames)anda

dictionaryof known “non-name”words.

Thearchitectureof Inquirus2 allows for easyadditionof new symbolfeaturesto helpsupport

additionof new categories.
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