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ABSTRACT

USING EXTRA-TOPICAL USERPREFERENCES O IMPROVE WEB-BASED
METASEARCH

by
Eric J.Glover

Co-Chairs: William P. BirminghamandMichaelD. Gordon

Whensearchingheweb,auserstrivesto find usefuldocumentsWebsearchengineshave been
shawvn to have relatively low coverage,aswell asotherproblems,thatlimit their ability to return
usefuldocuments.Onesolutionis useof a metasearclengine: a tool that sendsuserqueriesto
multiple searchenginesandcombinegheresultsto increasecoverage.Unfortunately ametasearch
enginealsohasproblemsmostly dueto thelack of directcontrolof the underlyingsearchengines,
thatlimit its ability to locateandidentify usefulresults.

To improve the ability of usersto find usefulresultswhensearchinghe web, we presentthe
architectureof a preference-basemietasearclenginelnquirus2, which utilizes explicit userpref-
erencesn theform of a category, suchas“personalhomepagesbr “researchpapers”. Inquirus2
demonstratefive architecturaimprovementshat enhancehe ability to locateandidentify useful
documentsandto increasegerformance The architecturaimprovementsare: anincrementaliser
interface, need-basedourceselection,sourceand cateyory-specificquery modification,selectve
downloadingof results,andneed-basedcoring.

A userstudywasperformedto measurdhe effectivenessof the architecturacomponentand
to improve our understandingf userjudgmentsof usefulnessasrelatedto topical relevanceand
documentcataeyory. This userstudy demonstrate@d boundingrelation betweenthe levels of user
judgmentsof topicalrelevanceandusefulnessaswell asconfirmingthe effectivenessof our archi-
tecture.

We also presenthe Query Modification LearningProcedur QMLP), a procedurethat auto-
maticallylearnscateyory-specificandsource-specifiquerymodifications alongwith experimental

resultsconfirmingthe effectivenesof the procedure.



(© EricJ.Glover 2001
All RightsResered



In memoryof my grandparents.



ACKNOWLEDGMENTS

If not for the supportof so mary people,this dissertationwould not have beenpossible. |
would like to thankthe wonderful peoplefrom NEC Researchnstitute, Steve Lawrence,C. Lee
Giles, Gary Flake, and David Pennock,all of whom provided technicalexpertise,and provided
me an excellentresearchopportunity In addition, my committeeco-chairsBill Birminghamand
Michael Gordon offered not only writing and academicguidance,but also generalsupportand
encouragement.

My survival asa studentfor so mary yearswasmadepossibleby my friendsandfamily. My
goodfriend Dan DeMaggionot only offeredhis friendship,but also often provided technicaland
programmingadvice, helping me to stay on the correctpath towardsmy dissertation. My good
friend Jon Blatt would always listen to my personalproblems,giving me hopethat someday |
might actuallyfinish. My parentsandmy sister althoughhundredsf milesaway, alwaysmademe
awarethey supportedne,andensuredhat! would never give up.

In additionto everyonementionedabore, | would like to thankthe following peoplewho as-
sistedmewith my writing of my dissertatior(in alphabeticabrder): JasorBenjamin,Marion Bush,
NoahCowan, EloiseHintersteinerWilliam Walsh,andlIra Zaslow.

| cant forgetthedozensf volunteerof my userstudy who spentheirvaluabletimeto provide

mewith data.



TABLE OF CONTENTS

DEDICATION . . . o e ii

ACKNOWLEDGMENTS . . . . . e iii

LIST OF TABLES . . . . . . . Vil

LIST OF FIGURES . . . . . . . (¢

LIST OF APPENDICES . . . . . . . . Xi
CHAPTERS

1 Introduction . . . . . . . . . . 1

1.1 Asimpleexample. . . . . . .. .. . . . ... ... 2

12 TheWeb. . . . ... 3

1.3 Contritutions . . . . .. ... 5

1.4 RelatedWork . . . . .. .. . . . .. 6

1.5 FindingMaterialsontheWeb. . . . . . ... ... ... ... ...... 6

1.5.1 DigitalLibraries . . .. .. ... ... . .. .. . . . . .. 8

1.5.2 DistributedDatabaseandQueryRouting . . . . . ... ... .. 8

1.6 StudyingWebSearchEngines . . . .. ... ... ... ......... 9

1.7 RelevanceUsefulnesandIR . . . . . . . . . . . . ... ... ... ... 10

1.8 Organizationof thisDocument. . . . . ... ... ... ... ...... 12

2 SearchEngines. . . . . . . . L 13

2.1 WebSearctEngineArchitecture . . . . . . ... ... oL oL 13

2.1.1 Userinterface. . . . . . . . . ... 14

2.1.2 QUEeryProcessor . . . . . . . o v v i i e 16

213 Database. . ... ... ... 17

2.1.4 ScoringModule. . . ... ... ... ... . .. 0 17

215 Crawvler . . . . . . e 19

2.2 WebSearchProblem . . . ... ... oo oo 22

2.3 FundamentaProblemdor WebSearchtEngines. . . .. . ... ... .. 24

2.3.1 TheCoherencéroblem . . . ... ... ... ... ....... 24

2.3.2 TheWebDiscovery andWebCoverageProblem . . . . ... .. 25

2.4 ResourceCostsandScalabilityof WebSearctEngines . . . . . . .. .. 27

2.4.1 SearctEngineMaintenanceCosts . . . . . ... .. ... .... 27

242 QueryCosts. . . . . . .. 27



3 WebMetasearch. . . . . . . . . . . e 29

3.1 Architectureof aMetasearclengine . . . .. .. ... ... ... .. .. 29
3.1.1 Userinterface. . . . . . .. .. ... . . . 30
3.1.2 Dispatcher . . . .. .. .. . . . .. 30
3.1.3 ResultProcessor. . . ... ... ... .. . ... ... 31
3.1.4 ScoringModule. . . . ... ... .. .. .. 32
3.1.5 FusionPolicies . . . . ... ... ... ... ... . .. ... 32
3.1.6 WrappersandAgents. . . . . . . .. ... ... e 33

3.2 WebMetasearchProblem. . . . .. ... ... ... .. . L. 34

3.3 WebSearctHorizon . . ... ... ... .. .. ... .. . ... ... 36

3.4 Limited-InformationProblem. . . . . . ... ... ... ......... 37

3.5 Temporal-SearcRroblem. . . . .. ... ... ... ... .. ... .. 38

3.6 Limited CooperatiorProblem. . . . . . ... ... ... .. ....... 40

3.7 Multiple InterfacesProblem. . . . . ... ... ... ... .. ... ... 41

3.8 MetasearclngineProperties . . . . . . ... ... oL 42
3.8.1 SourceSelection . . . ... ... ... .. o 43
3.8.2 QueryMaodification. . . .. ... .. .. ... ... ... ..., 45
3.8.3 Incrementailnterface. . . . ... ... ... .. ... .. ..., 47
3.8.4 Independentesultscoring . . . . ... ... ... ... ... 48

4 Preference-Basddetasearch. . . . .. .. ... ... ... . . ... . . ... 49

4.1 INQUITUS . . . o e e e e e e e e 50
4.1.1 InquirusResultProcessor . . . . .. ... ... ... ..., 50
4.1.2 InquirusScoringModule . . . . ... .. ... . oL 52
4.1.3 Content-Basedlletasearch. . . . .. .. ... .......... 53

4.2 Inquirus2 Architecture . . . . . . . . . ... e 54
421 Userinterface. . . . . . .. .. ... . . . 55
4.2.2 Dispatcher . . . . . .. ... ... 59
4.2.3 ResultProcessor. . . ... ... ... . ... . e 59
4.2.4 ScoringModule. . . .. .. ... ... . 61

4.3 Implementation. . . . . .. .. .. . ... 62
4.3.1 Userinterface. . . . . . .. ... .. . .. e 63
4.3.2 Dispatcher . . . . .. ... . . . e 64
4.3.3 ResultProcessor. . . ... ... ... . . .. .. e 65
4.3.4 ScoringModule. . . . ... 69
4.3.5 ParallelProcessing. . . .. ... ... ... ... .. .. ..., 71
4.3.6 OtherToolsandLibraries. . . . ... ... ............ 71

5 UserStudy . . . . . . . e e 74

5.1 Studydetails. . . . . . . ... 76

5.2 HypotheseandAnalyses. . . . .. .. ... ... ... ... ...... 78
521 Usefulness . .. ... ... ... . . . ... .. . .. 78
5.2.2 ArchitecturalComponents. . . . ... ... .. ... ...... 83
5.2.3 GeneraMetasearch . . . ... ... ............... 86

5.3 GeneralObserations . . . ... .. ... ... ... ... .. ...... 90

6 QueryModificationLearningProcedurdQMLP) . . . . . .. ... ... ... .. 92

6.1 TheProblem. . .. ... .. ... . . .. ... ... 92



6.2 TheMethod . . . . . . . . . . . . . e 93

6.3 SVMsandWebPageClassification. . . . .. ............... 93

6.4 QMLPDetails. . . ... ... ... . ... 94

6.5 TrainingtheClassifier. . . . . ... ... ... ... ... ........ 95

6.5.1 ExpectecEntropyLOSS. . . . . . .. ... .. oo 96

6.6 ChoosingQueryMadifications . . . . .. ... ... ... ........ 97

6.7 ScoringQueryModificationsandEngines . . . . . ... ... ... ... 99

6.8 Results. . . .. ... ... . e 100

6.8.1 PersonaHomepages. . . . . . . .. ... . e 102

6.8.2 Productreviews . . . . . . . . . ... 105

6.8.3 Researclpapers. . . . . . ... ... e 108

6.9 QMLPSummary . . . . . . . . . e 110

7 ConclusionSummaryandFutureWork . . . . . . .. .. ... . ... 113

7.1 FutureWork . . . . . . . . e 115
APPENDICES . . . . . 117
BIBLIOGRAPHY . . . . 123

Vi



LIST OF TABLES

Table

4.1 Inquirus2 architecturalmprovements. . . . . . .. . . ... .. .. 0 . 49
4.2 Catagoriesfrom Inquirus2 simpleinterface . . . . . ... ... ... ... .... 57
4.3 Inquirus2 advancednterfaceoptions . . . . . ... ... ... .. 57
4.4 Typesof CGlscriptsusedfor Inquirus2 . . . . ... ... ... ... ....... 62
5.1 Fieldsfor theuserstudyinputform. . . ... ... ... ... ... ........ 75
5.2 Factorsrecordedor loggedfor analysisaspartof theuserstudy. . . . . .. .. .. 75
5.3 Text associateavith eachlevel of topicalrelevanceandusefulness. . . . . . . .. 76
5.4 Thepull-down list of fixedoptionalcomments. . . . . .. ... ... ... .... 78
5.5 Frequeng of eachoptionalcomment. . . . . . ... ... ... ... ....... 79
5.6 Fourmethoddor selectingdocumento bevotedfor . . . ... ... ... .. .. 79
5.7 Usertopicalrelevanceverseauserusefulnessacrosgs topicalrelevancejudgments,

down is usefulnesgudgments Eachsquards thenumberof votes. . . . . . . . .. 80
5.8 Effectof catgory onaverageuserjudgmentsof topicalrelevanceandusefulness . 81
5.9 Effect of query modificationson averageuserjudgmentsof topical relevanceand

usefulness. . . . . . . . 82
5.10 Querymodificationsandtheclassificatiorofresults. . . . . ... ... ... ... 82
5.11 Resultgudgedas5 for usefulnesdy searchrengine.. . . . . ... ... ... ... 86
5.12 Distributionof userskill levels . . . . .. .. ... ... ... ..o 90
6.1 Thetop10featuredor personahomepageasscoredby expectedentropy loss . . . . . . 103
6.2 Thetop 10featuredor the personahomepagelassifier . . . . . . ... ... ... .. 103
6.3 Thetop20featuredor the personahomepagesummaryclassifier . . . . . .. ... .. 104
6.4 Thetop 15 querymadificationsfor personahomepagebasecbn predictedrecall . . . . . 105
6.5 Severalof thetop ranked querymodificationsfor the category personahomepages. . . . 106
6.6 Thetop 15featuredor theproductreviewsclassifier. . . . . . .. ... ... ... .. 107
6.7 Thetop 15featuredor the productreviews summaryclassifier . . . . . . ... ... .. 108
6.8 Severalof thetop rankedquerymodificationsfor the category productreviews . . . . . . 109
6.9 Thetop20featuredor theresearctpaperclassifier . . . . . ... ... .. ... ... 110
6.10 Thetop 10featuredor theresearctpapersummaryclassifier. . . . . . . ... ... .. 111
6.11 Severalof thetop rankedquerymodificationsfor the category researctpapers . . . . . . 112
6.12 The predictedprecisionandrecall for someof the top ranked query modificationsfor the

catgoryofresearchpapers . . . . . . . . . e e e e e 112
A.1 Scoringfunctionsfor thefour cateyoriesusedin theuserstudy . . . . . . ... .. 118
A.2 Searctenginecodesusedby Inquirus2 . . . .. ... ... ... . . ... 119

Vii



A.3 Built-in attributesusedby Inquirus2 . . . . . . ... L oo 119
A.4 Cataoriesin Inquirus2, their querymodifications scoringfunctions,andattributes 120
B.1 Thesymbolfeaturesusedby ourfull-pageclassifiers. . . . . . . ... .. ... .... 121

viii



Figure
1.1

1.2

2.1
2.2
2.3
3.1
3.2
3.3
3.4
3.5
3.6
3.7

3.8

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8

4.9

LIST OF FIGURES

Thewholewebis boththeinvisible web andthe indexableweh Individual searchengines
only coversomeof theindexableweh . . . . . . .. ... ... ... ... . ...
Useful documentsnay be split amongmultiple searchengines andmay even comefrom
theinvisibleweh . . . . . . . Lo
Architectureof awebsearctengine. . . . . . . . . ..o oo
Thewebsearchproblemasdefinedby Selbeg [Selbeg,1999. . . . . .. ... ..
Ourdefinitionof thewebsearchproblem . . . . ... ... ... ... ......
Architectureof awebmetasearcengine. . . . . . . ... . Lo oL
A possibledesignof adispatcher . . . . . . . .. ..o oo
Two subcomponentsf agenericresultprocessar . . . . . . . . . . . ...
A metasearckenginebasednwrappers. . . . . .. ..o 0o e e
Theinternalsubcomponentsfawrapper . . . . . . . . . . ... ... ...
Definition of thewebmetasearcproblem . . . . . . . ... ... ... .. ....
A flow chartdiagramof an interfacethat processesll the resultsbeforedisplayingthe
sortedscoredist . . . . ... L L L e e
A flow chartdiagramof aninterfacethat displaysscoredresultsas soonasthey are pro-
cessedassuminghe propertyof independentesultscoring . . . . . . ... ... ...
Theimprovedresultprocessoof Inquirus. . . . . . . . . . . . . ... 0.
TheSimplelnputinterfaceof Inquirus2 . . . . . . . . . . . ... ... . .. ...,
IncrementalAVA interfaceof Inquirus2 . . . . . . . .. .. oo e
Incrementalavascriptinterfaceof Inquirus2 . . . . . . . . . ... .. oL
Thedispatcheof Inquirus2 . . . . . . . . . . . . e e e
TheResultProcessoof Inquirus2 . . . . . . . . . . . o o i i i i e
A normalclassifiethastwo regions: positive to theright of 0 andnegative to theleft of zero
The modifiedsummaryclassifiethastwo regions: positive to theright of thethresholdand
don'tknow totheleft of thethreshold . . . . . . . . . . . ... ... ... ......
A three-outputlassifier: The right region is positive, the left region is negative, andthe
middleis don't know. Two differentthresholdgprovidetheboundaries. . . . . . . . ..

4.10 Summanytopicalrelevancefunctionis uncertairif thethepredictedopicalrelevanceis less

thanthethreshold. . . . . . . . . . . . . . . . e

4.11 Thepiecewise linearfunctionsfor the researctpaperclassifier(left) andtopical relevance

5.1

(right). . . . o e e e e e e e
A screershotof theuserstudyinitial queryform . . . . . . ... ... . ... ....

14
22
23
29
30
31
33
34
35

47

47
50
56
58
58
60
60
67

67

68

68

70
74



5.2

5.3
54
5.5
5.6
5.7
6.1
6.2
6.3
6.4

A screenshotof a vote window for a queryof “eric glover” anda category of “personal

homepages” . . . . . . . . e e e e e 77
Usefuldocumentgoundat varioustimesthroughouthesearch . . . . . . ... . ... 83
Distribution of usefuldocumentdy searctengine . . . . . . . ... ... . ... ... 87
Distribution of userusefulnesgudgmentsasa functionof predictedusefulness. . . . . . 88
Averageusefulnesandtopicalrelevancegjudgmentsasafunctionof searchenginerank . 89
Userconsenformtouselnquirus2. . . . . . . . . . . .o e e e 91
QueryModificationLearningProcedure. . . . . . . . . . ... L o oL 95
Documentvectortypesused. . . . . . . ... e e e e 96
Initial rankingof thequerymodifications. . . . . . . . ... ... ... ... ..... 99
Functionsto scoreeach< gm, se > pair for agivenclassifierandtestqueries. . . . . . . 101



LIST OF APPENDICES

APPENDIX
A Catagories,ScoringFunctions andAssociatedQueryModifications
B SymbolFeatures . . .. .. ... ... ... . . ... .. . ...,

Xi



CHAPTER 1

Intr oduction

When searchingthe web, a userstrives to find documentghat satisfy an information need.
An information needis a psychologicalconceptthat definesthe information a useris seek-
ing [Cooper 1971, VanRijsbegen,1979. Currentweb searchenginesallow a userto 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;aryone canbe a publisher Publishersvary in
expertise,thus, somepagescanbe of little or no valueto readers.However, unlike the WWW, a
typical onlinedatabasevill behomogeneousyith a setof itemsthatdo notchangeovertime, such
asa specificversionof a book. Unlike a book or a journal article, a singleweb pagemay change,
move to a differentURL, or be removed from theweh The dynamicandheterogeneousatureof
thewebmale it difficult to build effective searchsystems.

The low barriers to content creation have encouragedthe rapid grownth of the
web from hundreds of thousandsof pagesin the mid-1990s to billions of pagesin
2001 [CyveillanceCorporation2000. Individual general-purposeearchengineshave beenun-
ableto keepup with this growth; the largestsearchenginein 1999demonstratednly anestimated
16% coverageof the indexableweb[LawrenceandGiles,19994. Severalstudieshave shavn that
no singlesearchenginehascompletecoverageandit is unlikely ary singleweb searchengineever
will [LawrenceandGiles,1998¢ LawrenceandGiles,1999a Selbeg, 1999.

Relatively low coverage of the web by individual searchenginesspurred researchinto
metasearctengines,or tools that senduserqueriesto multiple searchenginesand combinethe
results.Researcthasdemonstratethatcombiningresults,n theform of ametasearckngine pro-
ducesa significantimprovementin coverageandsearcheffectivenesgLawrenceandGiles,1999a
GordonandPathak,1999.



Althoughametasearckngineimprovescoverageijt is still limited by theresultsreturnedfrom
thesearcltenginedt queries.A searchenginemayimposelimits on boththe numberof resultsthat
canbeseenandtheinformationabouteachresult. Thesdimits reducethe ability for ametasearch
engineto judgeusefulnesandto find usefulresults.

To understandhe problemof finding usefuldocument®n theweb,we presenta simpleexam-

ple.

1.1 A simpleexample

Two usersare looking for usefuldocumentsabout“wireless networking” Eachusers need
is different, but the subjectquery is the same. One wantsresearchpapersabouthowv wireless
networking works, the otherwantsproductreviews aboutwireless-netwrking hardware.

Eachuserfirst tries her favorite searchenginesandfails. Eachthentries a metasearclkengine,
againbeingunableto find ary usefuldocumentsdespitethe factthattherearenumerougesearch
papersandproductreviews aboutwirelessnetworking on theindexableweh

Firstthey try Google ageneral-purpossearchengine with over onebillion pagesn its index?.
For thequeryof "wi r el ess net wor ki ng" over 70,000resultsarereported. Of those,about
500 of them are researchpapers,and several thousandare productreviews?. Despitethe large
numberof usefulresultscontainedn Googles index, noneof thetop tenresultsis aresearctpaper
or productreview. Thequeryinterfacedoesnot permiteitheruserto describeherneedin suficient
detail.

The samequery whensentto the FAST (al | t heweb. com) searchengine,alsowith over
500 million pages,returnsno productreviews or researchpapersin the top 10. FAST reported
over 30,000resultsthat containedthe phrase' wi r el ess net wor ki ng, " mary of which are
researctpapersandproductreviews. All of thetop-tenresultsarethetop-level pageof organizations
or companieselatedto wirelessnetworking. As before the userswvereunableto specifymorethan
their subjectquery

A metasearckngineprovidesa secondptionfor searchingheweh Metasearckenginessuch
as Metacravler, have demonstratedignificantly higher coveragethan ary single searchengine.
On Metacravler, aswith other searchengines thereare no researchpapersreturnedon the first
resultpage(20 documentsinsteadof the ten default from the regular searchengines). However,

the eleventhdocuments a productreview. Thetitle, summaryandURL of the eleventhdocument

1As of March 2, 2001, Googlereportedaboutl.3 billion pagesalthoughthis numberincludesmary pageshatare
notfully indexed.
2Theseestimatesirebasedn reportedresultsreturnedfrom effective querymodifications.



provide no obviousindicationthatit is a productreview, makingit unlikely the userwould click on
thatresult.

In this example, neitheruserwas able to find any usefuldocumentsjn the top ten, for her
catgyory-specificinformationneed.Whensearchinga general-purpossearchengine the systems
did notcorrectlyidentify usefuldocumentstankingdocumentshatwerenotusefulhigherthanary
usefulones.Whensearchinga metasearckengine only oneusefuldocumentwaslocated but was
incorrectlyranked, causingthe userto missit.

This dissertatiorexploresseveraltechniqueghatimprove the ability for ametasearckngineto

locateandidentify usefuldocuments.

1.2 The Web

The indexable WWW is a very large set of heterogeneoudocumentsestimatedto be more
thanfour billion pagesn early 2001 [CyveillanceCorporation200qJ. A websearchengineis the
primarytool usedto locatewebpagedasedn content.In February2001nineof thetoptenranked
websiteshada general-purposeeb searchcapability on their main page,andfour of the top ten
aremajorwebsearctengines[Media Metrix Corporation2001]. A typicalgeneral-purposgearch
enginecanallow usersto searchabouta billion pagesn underonesecondreturningpageshatare
expectedto betopically relevantto the provided query Most searchenginesare one-size-fits-all,
returningthe samesetof resultsfor all userswith the samekeyword query

Most searchengineslike classicallR systemsperformdocumentetrieval basedon the query
termsprovided, attemptingto find documentgshatare“similar to the query’ The typical method
for doing this, basedon query-termstatisticalinformation, is called TF-IDF (Term Frequeng -
InverseDocumentFrequeng) [Salton,1989 VanRijsbegen,1979. This hasbeenshawn to find
documentghataredeemedelevantto the query To facilitateresearclon TF-IDF basedmethods,
every yeartherearelarge conferencessuchasthe TREC conferenc€ TREC s notexclusiveto TF-
IDF basedmethods)designedo testvariousalgorithmgHarman,1994. TF-IDF basedalgorithms
rely on the similarity assumptionwhich statesthat documentghat are “similar to the query” are
likely to be usefulfor the users need[Voorhees1983. Unfortunatelythis hasnotyet beenshavn
to be generallytrue for the web, especiallywhen usershave a specificsearchcontxt. Recent
researcton theweb hasshavn a large differencebetweendocumentghat are similar to the query
andthosethatareuseful[Budzik etal., 2004. In addition,mary nenvw web-pageankingalgorithms
considerfactorsotherthanthe keyword contentof the page suggestinghereis moreto usefulness

thankeyword similarity [Brin andPage,1998.



Figurel.1: Thewholewebis boththeinvisible web andtheindexableweh Individual searchenginesonly

cover someof theindexableweh

The ability for a searchengineto returnusefuldocumentss limited not only by its ability to
identify a documentas useful, but also by the requirementhatit containthe usefuldocumentn
its index. The size of the non-indeable web, sometimegeferredto asthe “hidden web; “deep
web” or the “invisible web; is estimatedo be asmuchas500timesaslarge asthe currentsearch
engines databasesr roughly 500 billion pagesandthe large sizeandrapidly changingcontents
areatleastin partresponsibldor mary searcHailures [Guernsg, 200]. The“hiddenweb” refers
to the setof pagesthat are either not permittedto be indexed® or to the setof pagesthat are not
yet indexed, probablydueto no inboundlinks or new pagesthatdid not exist whenthe previous
cravl wasmade.Figurel.1shawvs theindexablewebasdistinctfrom theinvisible weh Figurel.2
shawvs how a usefuldocumenimight not bein theindex of a searchengine,or mayfall outsidethe
indexableweh

Even though no single searchenginehas more than 16% coverageof the web, combining
several searchenginesthrough the use of a metasearctengine can result in a significantin-
creasein coverage(from 16% to 42%) [Selbeg andEtzioni, 1997, LawrenceandGiles,1999a
LawrenceandGiles,19984. Unfortunately highercoverageis not a guaranteghatuserswill find
usefulresults. A typical metasearclenginemakes ranking judgmentsbasedonly on the limited
information returnedby the searchenginesthey query limiting their ability to accuratelypredict

usefulness.

3Although thereare few technicalmeansto preventindexing of ary userviewable page,mostweb crawlers volun-
tarily follow therobotsexclusionprotocol,choosingnot to index pageghat systemadministratorspecifyshouldnot be
indexed.[Koster 1994



Indexable web

Web search
engines

Useful ;
documents '

Invisible web

Figure 1.2: Useful documentsnay be split amongmultiple searchenginesand may even comefrom the

invisible weh
1.3 Contributions

A usersearchinghewebwith a cateyory-specificmeedmaybeunableto find usefuldocuments
using a web searchengine. This failure may resultfrom insuficient coverage,or aninability to
identify accuratelya documentasuseful. A metasearclenginehasbeenshawvn to provide higher
coverage,but is limited in the information available aboutresults,reducingthe ability to judge
usefulnessA documenthatis 'similar to the query’ (topically relevani) is not necessarilyseful.

We presenfour contritutions:

e We performedan empirical user study comparinguserjudgmentsof usefulnesswith user
judgmentsof topical relevance. The studydataproduceda boundingrelationshipwherethe
level of thetopicalrelevancejudgmentprovidesanupperboundto thelevel of theusefulness
judgment. Our study also quantifiedthe significanceof usercatejory in differentiatingbe-
tweenhighly topically relevant but usefuldocumentgrom highly topically relevant, but not

usefuldocuments.

e To take adwantageof the influencesof category on the usefulnessof web documentswe
developedandevaluatedan automatedilgorithmcalledQueryModification LearningProce-
dure(QMLP). QuerymodificationdearnedusingQMLP demonstratednon-catgory result
rate of 75%, significantlyhigherthanfor unmodifiedqueries.QMLP producesa ranked set

of searchengine query-modificatiorpairs,without requiringspecialknowvledgeof theinner



workingsof thesearchenginesstartingwith only a setof classifieddocument&ndafew test

queries.

e To improve web-basednetasearchye developed,implemented,and testeda preference-
basednetasearcknginethatutilizescateyory throughouthesearchprocessOur preference-
basedmetasearckengine,Inquirus 2, incorporatesneed-basegdourceselection,sourceand
catgory-specificquerymodifications,andneed-basedcoring. Eachof theseimprovements
directly considersusercateyories,despitethefactthatthe underlyingsearchenginesqueried

may not.

¢ Weaugmenteaurpreference-basadetasearckngineto improve searctefficiengy by com-
bining a selectve download modulewith need-basedourceselection,sourceand category-
specificquerymodifications andanincrementalinterface. Selectve dowvnloadof resultsim-
provesthe ability to predictusefulnesswhile not wastingresourcedf sufficientinformation
to judgeusefulnesss available. Combiningselectve downloadwith anincrementalnterface
allowsimmediatedisplayof resultswhile thesearchs still progressingln addition,we have
preliminarydatasuggestinghatselectve downloadcanimprove the efficiengy of web-based

metasearch.

1.4 RelatedWork

Therearethreearea®of relatedwork. First,we describanethodsptherthana searctengine for
finding web pages.Secondwe discussseveral studieswhich have beenperformedto understand
searchand metasearckenginesbetter Thesestudiesprovide insightinto how searchenginesare
used,suchasdiscorering the averageuserqueryis abouttwo terms. Third, we discusghe concept
of relevancein informationretrieval, focusingon works relatedto distinguishingbetweentopical

relevanceandusefulness

1.5 Finding Materials on the Web

Oneof thefirst websearchenginesvasThe World Wide WebWorm (WWWW), with anindex
of 110,000web pagesandweb accessiblalocuments[McBryan, 1994. Sincel1994,the size of
the (indexable) web hasgrown significantly estimatedo cross4 billion pagesin early 2001,and
the variety of materialshasalsogrown with the advent of FLASH, JAVA and JavaScript,aswell
aswith improvementsn streamingmedia,morepowerful webseners,andincreasedntegrationof

dynamiccontents.



Chapter2 describesa model of a web searchengine,andthe importantaspectsas relatedto
finding usefuldocuments.In additionto web searchenginesthereare otherwaysto locateweb
pageshbasedn content.Oneof the component®f awebsearchengineis the crawler, describedn
detailin Section2.1.5. A focusedcrawler is a tool thatautomaticallyexploresweb pagesseeking
a specifictype of content [Diligenti etal.,200Q Chakrabartetal.,1999. Unlike a web search
engineafocusedcrawler cannotreturnresultsinstantlyfor aquery but ratherfindsthemovertime,
possiblyhoursor days.

Anotherapproacho finding web pagesbasedon content,is throughbrowsing. Somesites,
suchas Yahoo,have createda browvsableindex of content,organizedin a hierarchy A usercan
follow links, organizedby subject,until shehomesin on an areathatis interesting.Unlike a web
searchengine,a browsableindex canbeusedwithoutanexplicit query The Yahooindex is human
generatedindhumanmaintainedhowever, therehasbeenresearcton automatedhierarchycreation
for web content{Chakrabartietal., 19984. Therehasalsobeenresearcton browvsableinterfaces
or methoddor usingbrowsingtechnologyto improve websearcHLieberman,19935.

A third methodfor locatingweb pagesis througha metasearclengine. A metasearclengine
is a tool that allows usergueriesto be sentto multiple searchenginesas a meansof improving
consisteng andcoverage [Selbeg, 1999 LawrenceandGiles,1998¢ GordonandPathak,1999.
Severalmetasearckenginesarein usetoday including severalresearchmetasearclengines.Some
commercialmetasearclenginesinclude Sherlockby Apple, CNET’s main searchpage,and Dog-
Pile. Popularresearchsearchenginesinclude SavvySearch [Howe andDreilinger, 1997, ProFu-
sion [Gauchetal., 1996, Metacravler [Selbeg andEtzioni,1997 Selbeg, 1999, andInquirus
[LawrenceandGiles,19984. It is estimatedthat there are more than 1200 metasearclengines
availableonthewebtoday

There are several types of metasearch tools. Tools such as Metacravler
[Selbeg andEtzioni, 1997, Selbeg, 1999 are centralized metasearchengines, in that all
users send their queriesto one location. Tools such as Apple’s Sherlock are considered
personal metasearchagents, since they are installed and run on a users machine. An-
other class of metasearchtool includes just-in-time information agents, such as Watson
[Leake etal., 1999 BudzikandHammond1999. A just-in-time information agentwill con-
sider usercontet when making searchdecisions. There are also non-realtimemetasearchools
suchasKarnakht t p: / / waww. kar nak. coni , asystemthatsendse-mailif new sitesarefound
for a standingquery Althoughtherearemary differentclasse®f metasearchools, eachperforms
the samesetof logicaltasks.Chapter3 describeshesatasksandgoesinto moredetailontheissues

andchallengedor metasearclknginesasrelatedto finding usefuldocuments.



A webmetasearclengineis a specifictype of searchenginethatutilizeswebsearchenginesas
the datasource.Onefactorthatseparatesa web metasearclenginefrom othertypesof distributed
informationretrieval (IR) is theissueof control. A webmetasearckenginedoesnot have control of
how its queriesareprocessedby othersearchenginesnor doesit controltheinformationavailable
in searchengineresponses.Researchareassuchas distributed databasesr query routing may
be applicableto the designof a metasearctengine,but are distinct becausehey often make the
assumptiomf explicit controlof thedata.Distributedinformationretrieval refersto thegeneratlass
of researchelatedto retrieving materialsfrom different(eitherphysicallyor logically) locations.

Anotherrelatedareais digital libraries,concernedvith theability to retrieve informationgoods,
oftenin a distributedfashion [Birminghametal., 1994. In the 1980stherewerelibrary systems
suchas WAIS that enabledthe queryingof mary differentlibrary catalogs [Davis etal., 1990.
Beforethe web, protocolssuchas Z239.50weredevelopedto enablethe queryingof different, re-
mote library systemsalthoughtypical interfacesallowed selectionof only a single databaset a

time [National InformationStandard©rganization, 1995.

1.5.1 Digital Libraries

In the mid 19905 therewas significantUS Governmentinterestin digital libraries. Several
of the governmentfunded University projectsfocusedon the conceptof distributed IR. Two of
the more notableprojectsinclude the University of Michigan’s digital library [Atkins etal., 1996
Birminghametal., 1994, and the StanfordDigital Library project [Paepcle etal.,1997. Both
focusedon the use of agents as tools for performing several distributed searchtasks. Several
web relatedsearchtechnologiesvere spavned from thesedigital library projects,suchas FAB,
which combinedsocial filtering and word-vectorsto make recommendationsf web documents
[Balaban@ic andShoham1997; andearlywork on PageRank[Brin andPage,199§, which later
becamethe basisof the Google searchengine. The specificissuesfor agent-basedR and the
relationshipbetweenan agent-basedigital library anda web metasearclenginearchitectureare

discussedn detailin Section3.1.6.

1.5.2 Distrib uted Databasesand Query Routing

Two researchareasrelatedto metasearclenginesare distributed databaseand queryrouting.
Thefirst concernsow to distribute contentamongseveral databaseandthe secondaddresselow
to selectwhich databaseto query

A metasearclengineis concernedvith finding content,and not necessarilywith how to dis-
tributeit.



Givenasetof alreadydistributeddatabasegjueryroutingor sourceselectionis anapproacho
the problemof choosingwhich database® query Oneof the mostwidely researchedlgorithms
for databaseselectionis GLoSS [Gravanoetal.,199§. In simpletermsGLoSSusesdatabase
statisticsto predictthe likelihoodthat eachdatabasevill containresultsthat containall the query
terms (assumingan AND query). This approachhasbeenshavn to be effective when dealing
with homogeneousr small distributedtext collections,but the effectivenesscanbe reducedwith
heterogeneousollections suchasawebsearchengines database.

One of the problemswith approachesuchas GL0oSSis the needfor databasestatistics. Al-
thoughthe statisticsof the databasareonly afraction of the sizeof the full-text databasef might
not alwaysbe possibleto have accesgo suchinformation. Whendealingwith web searchengines
througha searchinterface, it is impracticalto obtainfull statisticalinformation. However, some
researchhasexperimentedwith usingtestqueriesto generatesummarystatisticsof web search
engines.More recently Craswellexperimentedvith usingproxy statisticsto permita metasearch
engineto computeanapproximatiorfor TF-IDF, demonstratinghatit wasmoreeffective thanusing
only local documentermstatistics [Craswelletal., 1999.

Systemghatperformmulti-databasguerying,lik e systemghatmaydistribute databasedave
differentproblemsanddifferentarchitecturaissueshanweb metasearcikengines.Whenquerying
databasedirectly, the searchsystemhasimplicit controlover theform of thequery andhasaccess
to all theresultsin the databaself a queryreturns1000results,it is reasonabléo accesor view
every result; however, if aweb searchqueryreturns100 results,it might be unreasonabléo view

themall througha searchengineinterface.

1.6 Studying Web Search Engines

To understanchow web searchenginesare used,andtheir effectiveness several studieshave
beenconducted.Janserpresentsa review of web searchstudiesand makes somesuggestionsgor
future researciJanserandPooch,2001]). The threeprimary studiesdiscussedy Janserall fall
into thecatayory of transactiorlog analysis In additionto transactioog analysistherehave been
somestudiesthatobtainexplicit userjudgments.

Thethreeprimary studiesdescribedoy Janserinclude: TheFireball Study [Hoelscher199§

, The Excite Study [Spinketal.,1999a Spinketal.,19998, and The Alta \ista Study
[Silversteinetal., 1999. Eachof theseinvolved analysisof logs of high-trafic searchenginesand
providesinsightinto how usersusesearchengines.The importantobserationsfrom thesestudies

aresummarizedelov:



Usersentershortqueries.The averagequerylengthis betweenl and3 terms,with very few

usersusingfive or moreterms

Most usersdid not take advantageof advancedfeaturessuchasBooleanor quotedphrases

Limited useof queryreformulationandrelevancefeedback

Few adwancedsearches

The primary contrikution of suchstudiesis a betterunderstandingf the natureandtypesof
queriesenteredand of the featuresutilized. Transactionog studiesare unableto make explicit
statement@bouteffectivenessor usersatishctionfor a particularsearch. As Janserdid for web
searchstudies,Tontaprovided a suney of studiesrelatedto searchfailuresof documentretrieval
systems[Tonta,1997.

In addition to transactionlog studies, several studies have been performedto analyze
the effectivenessor propertiesof specific searchengines. Lawrence and Giles studied sev-
eral searchenginesto make statementsabout their overlap to predict coverageand web size
[LawrenceandGiles,19984. GordonandPathakstudiedhowv well eachsearchengineperformed
for trainedexpertssearchingn behalfof actualusers [GordonandPathak,1999. Theirdataalso
supportedthe basicassumptionglescribedby Lawrenceand Giles and othersregardingthe low
overlapbetweersearchengines A relatedstudyincludesthework by Nick Craswellanalyzingthe
effectivenesf severalrankingalgorithmsfor metasearckengineqdCraswelletal., 1999.

The TREC (Text REtrievaal Conferencetonferenceheldevery year createsestcollectionsto
enablecomparisorof variousrankingalgorithms [Harman,1994. Recentlyawebtrackwasadded
to enablestudyingof rankingalgorithmsfor webpages[Hawking etal., 1999.

Unlike transactionog analysis,we designedour userstudyto collect actualuserjudgments
of usefulness.We also instrumentedour systemto collect systemperformancedata, permitting
analysisof eachcomponenf our architecture.Our userstudy dataconfirmsthe obserationsof

severalstudieson searchandmetasearckngines.

1.7 Relevance,Usefulnessand IR

Thereis philosophicaldisagreementegardingan exact definition of relevancein information
retrieval, andit is thoughtto be multi-facetedMizzaro, 1997, Saraceic, 1975 Frantsetal., 1996
Schambeetal., 19970. “Relevance”is often usedto describethe agreemenbdf a documentwith a
users informationneed. In othercontets, relevancemay mean“answeringthe question”or “sat-

isfying thequery’ Thebasisfor computingrelevanceis oftenthe similarity betweera documens
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descriptionanda query [VanRijsbegen,1979 GrossmarandFrieder 1998 Salton,1989. Such
psychologicaldefinitionsdiffer from the computationof relevance,which often is basedon the
similarity betweera users queryanda documentescription.

Several paperamalke a cleardistinctionbetweenthe subjectve notion of usefulnessgor utility)
andthe lesssubjectve notion of topical relevance[Mizzaro, 1997, Cooper 1971, Coopey 1997,
Kochen1974 Frantsetal.,1996 Saraceic, 1975 Schambeetal.,199Q Budziketal.,200Q
BudzikandHammond 1999 Lawrence,200Q Coleetal.,1996. Cooperin 1971described log-
ical definition of relevance and went on to say that what really matteredwas utility, or use-
fulness[Cooper 197]. Manfred Kochendescribeda formal model for computationof utility
of documentsand statedthat relevanceis different from utility, and utility subsumeselevance
[Kochen,1974. Saraceic describeghe conceptof relevanceanda surwy of theimportantworks
relatedto relevance [Saraceic, 1979. More recentlyMizzaro providesa detailedhistory of rel-
evancein IR [Mizzaro,1997. Cole describeshov undegraduatestudents’notionsof what is
usefulmay changethroughoutthe searchprocessgventhoughthey arestill looking for materials
onthesamesubject[Cole etal., 1996 Bates,1986. JayBudzik with the Watsonprojectdiscusses
the goal of just-in-timeinformationagentsasbeingone of locating materialsthat are usefulwith
respecto the currentsearchcontect [Budzik etal., 200qJ. Budzik alsodescribes smallstudycon-
firming thatuserjudgmentsof whatis usefularedistinctfrom similarity to the query, a proxy for
topical relevance. Lawrencedescribeghe importanceof contect in web searchiLawrence,200Q.
Schambedescribeghe notion of old relevanceasbeingtopical in nature,and new relevanceas
usercentric [Schambeetal., 1990.

Cox describeghe notionof indexing documentdasedon their expectedusefulnesgor a given
query puttingthe burdenof determiningwhatis likely to beusefulontheindexers [Cox, 1994. To
improve IR, severalresearcherbBave proposedonsideratiorof non-topicalattributeswhenscoring
documentsBuckland,aspartof the OASIS project,describeshe useof date languageandphysi-
callocationof abookasfactorsusedto reducanformationoverload [Bucklandetal., 1993. Boyce
stateghatto returnusefulmaterialstheinformatvenessr uniquenessf eachitemwith respecto
all otheritemsto bereturnedmustbe considered[Boyce,1983. Croft describes systenthatcon-
sidersmary factorsin additionto topic for retrieving documentsA usercould specifythatshewas
interestedn booksabouta specificsubject,but wasunsureof the exactyear [Croft etal., 1990.
The Decision-Theoretidnteractive Video Advisor (DIVA) projectusedan explicit utility function
over mary factorswhenrecommendingnoviesof interest[NguyenandHaddavy, 199§. Recently
Zhu and Gauchquantifiedthe improvementin effectivenessof a web searchfor eachof six non-

topical quality metrics[Zhu andGauch,2004.
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Ourwork focuseson the distinctionbetweenopical relevanceandusefulnessandthroughour
userstudyattemptdo explicitly quantifysuchdifferencesWhenscoringdocumentsseveralfactors
in additionto thetopicareconsideredLik ewise,extra-topicalfactorsareconsideredvhenchoosing

searchenginesandwhenchoosingguerymodifications.

1.8 Organization of this Document

This dissertatioris divided into seven chaptersand four appendices Chapter2 describeghe
architectureof a web searchengine,the formal definition of the websearch problem andseveral
fundamentalproblemsthat limit the ability for a web searchengineto returnuseful documents.
Chapter3 describeghe architectureof a web metasearclkengine the formal definition of the web
metaseath problem andseveralfundamentaproblemdimiting theability for ametasearckngine
to return useful documents. Chapter4 describeghe architectureof Inquirus 2, our preference-
basedmetasearclengine. Chapters describeghe designandresultsof our userstudy Chapter6
describeQueryModificationLearningProcedurdQMLP), analgorithmfor learningcategory and

searchenginespecificquery modifications. Chapter7 presentsa summaryand conclusionof our
work.
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CHAPTER 2

Search Engines

A websearchengines theprimarytool usedio mapbetweerasearchingisers desiredcontents
andaURL of apagethatis likely to containthosecontentspr satisfyagivenneed.First,we present
a generalarchitecturaimodel of a web searchengine. Thenwe formally definethe web seach
problem Next, we presentseveral problemsfacedby a web searchenginethatlimit the ability to

returnusefulresults.

2.1 Web Search Engine Ar chitecture

A web searchenginemust presenta userwith a setof results, given her input. Thereare
five logical tasksa searchengineperformsfor eachsearch.Eachtaskcorrespondsvith a specific
componenbf thearchitecturgpresentedn Figure2.1.

Five tasksevery searctengineperformsfor eachsearch:
e Acceptuserinput

e Processiserinput

e Apply databaseuery

e Processesults

e Displayresults

Figure 2.1 describeghe four requiredcomponent®f a web searchengineandthe crawler for
populatingthedatabaseThefirstcomponenis theuserinterface whichis responsibldor accepting
userinput andpresentinghe output. Seconds the queryprocessorwhich generates reasonable

databaseueryfrom the userinput. Third is the databasewhich is the componenthat storesthe

13



User | Query X
Interface| | Processor DB
\ Scoring |
Module |

Figure2.1: Architectureof awebsearchengine.

knowledge abouteachresult. Fourthis the scoring module which processegachresultbefore
sendingtheresultto the userinterfacefor display In additionto thesefour componentsmostweb
searchengineshave a crawler, whichis usedto populateandmaintaintheir database.
ThemaindifferencebetweerawebsearchengineandotherlR systemss its scaleandassump-
tions aboutthe data. A typical IR systemsuchasan online catalogof journal articlesis madeup
of contentswvhich do not changeover time andareoften homogeneousWeb pagescanbe located
onary machineonthelnternet,andcanbewritten by anyoneaboutarnything. A websearchengine
mustbe designedo handlemary document&ndarbitrarycontents A websearctenginemustalso
bedesignedo handlethe highly distributedanddynamicnatureof theweb, nottypically presenin

otheronlinecollections.

2.1.1 Userinterface

Theuserinterfaceof aweb searchenginehastwo tasks:

e Acceptuserinputfor useby the system

e Presentesultsto theuser

Eachof thesefunctionsplaysanimportantrole in the operationand usability of every search
engine We definethefirsttaskastheinputuserinterfaceandthesecondastheoutputuserinterface
Theinput userinterfacedefineswhattypesof informationa usercanprovide. The simplesttypes
of interfacesallow only a keyword query while morecomplec input interfacesmay allow usersto
chooseoptionsfrom a list, provide extra context information,or eventrack useractions. The goal
of theinputinterfaceis to getascleara descriptiomaspossibleof the users informationneed.

Fromour original exampleon “wirelessnetworking”, two userswith differentneedsmay enter
the samequery Without extrainformation,it is impossibleto distinguishbetweerthe needsof the

users.
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Therearemary researctprojectson improving web interfaces. Recentwork by Marti Hearst
describeghe importanceof a well-designednterface, and provides recommendationen how to
designspecializedsearchnterfacesfor individual sites[Hearst,2000.

In additionto normalqueryinterfacesthereareresearctprojectson utilizing userfeedbackor
monitoring useractions. The comparny Direct Hit keepstrack of which resultsusersclick on for
eachquery andutilizesthis informationto provide animprovedranking. Belkin describes query
reformulationsystemwhereinusergefinetheir querybasednfeaturesxtractedfrom resultsfound
sofar[Belkin, 200q. His work concludeghatuserswho aretrainedon whatthe systemdoesare
morelikely to utilize the advancedfeatures.He also notedthat sometimeghe featuresthat were
mosteffective might seenstrangeor confusingto users.

Userinput is more than just the keywords presented. Somesearchenginessuch as North-
ern Light allow usersto specify a searchcatajory beforethe searchor choosea clusterafterthe
search.The Watsonprojectconsiderghe currentusers contect in aword processowhenperform-
ing searche$Budzik andHammond 1999 Leale etal., 1999.

Thesecondaskof the userinterfaceis to presentesultsto the user The outputuserinterface
affectshow easilya usercanidentify usefuldocumentsSincethewebis heterogeneousindthere
is nowidely adoptedmetadatsstandardsomehave beenproposedandarein limited use,suchas
XML, or Dublin Core),it is difficult to describeoutput. A databasef bookshasstandardields
suchastitle, author etc. A standardvebpagedoesnot necessarihjhave anauthor or thetitle may
be absentor unrelatedto a web pages contents.Barry identified several criteria usersconsidered
whenmakingrelevancejudgmentgBarry, 1993. Thesefactorsmay be dependenbn the needsof
the user A usersearchingor researclpapersmay desirean abstract,or equationspor figures;a
personsearchingor recentnens maywantto know the dateof the contentsandthe credentialsof
theauthor

Someworks on output interfacesattemptto provide variousways of visualizing the results.
Veersasamyescribesvork on providing extra visual cluesto usersto help usersdeterminewhich
documentsneettheir particularneeddor a given multi-termquery[VeerasamyndBelkin, 1994.
Suchoutputvisualizationtools may alsoimprove a users ability to formulateor reformulatetheir
querieshroughafeedbaclor aninteractve interface.

Thereare mary researchprojectsand organizationsdedicatedto understandingnd creating
gooduserinterfacesfor web and otherinformationretrieval tools. In our work, we will focuson
specificaspect®f theuserinput, suchastheir subjectqueryandthedesireccatayory. For theoutput

interface,we focuson specificpropertiessuchasincrementatisplayof intermediateesults.
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2.1.2 Query Processor

Userinput is a representatiof aninformationneed. The query processomustcorvert this
inputinto adatabasejuery(or setof databasejueries¥or useby the searchengine.Unfortunately
userstypically don't enterexplicit databasegueries.

Thereare seseral consequence® improperly (not well formed) formulateddatabaseueries.
If the queryformulatedis too generalthe systemmay be forcedto processan excessve number
of results. Eventhougha typical searchenginemay reporthundredsof thousandsf web pages
containinga givenquery the systemdoesnot actuallyprocessachof them. Google,for example,
will first try to retrieve documentontainingall querytermsin titles only beforesearchingn the
full text [Brin andPage,1994. Too generala query might returnmary documentghat, although
they containtheusers queryterms,may be of little or no value. For example,a usersearchingor
“*fish’’ wouldbelikely to find a very long page,mentioning“fish” oncenearthe endof the
document.

A databasejuerythat is too specificmay resultin failure to returndesirabledocuments.A
userenteringaqueryl ake m chigan wildlife fish birds plants mightfindadoc-
umentthatis aboutthe plantsandanimalsof Lake Michiganuseful,evenif it doesnot mentionthe
word wildlife.

The query processonf somesearchengineshasthe ability to generatedatabaseajueriesthat
are different from the query termsenteredby the user For example, somesearchengineswill
performstemming(treatingplural wordsandsingularwordsthe same).Somesearchenginessuch
asExcite,interpreta users queryconceptuallyidentifying wordsof similar conceptsaspotentially
useful,suchascar andautomobile AltavistaandExcite alsoautomaticallyidentify phraseslIf a
userentersthe queryl ake m chi gan, the systemtreatsthe queryasa phrase gventhoughno
quoteswereused.

Even more advancedsystems suchas AskJeees, allow natural language queries,and must
formulatereasonablelatabas&jueriesto ensureretrieval of meaningfuldocuments.The database
usedby AskJewesis likely to bedifferentfrom thoseof othersearchenginespptimizedfor specific
typesof queriesasopposedo normalfull-text retrieval.

Unfortunatelyfor a variety of reasonssearchenginesdo not generallyrevealthe methodshey
usefor their queryprocessorsThefailureto publishspecificationdrarmsresearchandcanmale

formulationof effective queriesmoredifficult.
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2.1.3 Database

A websearchenginecanonly returndocumentst knows about. The databasés the collective
local knowledgeaboutthe documenton the weh Currently somesearchenginesboastover one
billion pagesdn theirindex, suggesting very large database.

The query processorformulatesqueriesto the databasdo producea reasonablenumberof
documentsor scoring.Brin describesomeof theissuedor designof a large-scalesearchengine,
including somespecificdatabaseesignrequirement$Brin andPage,1999.

Thereare several propertiesof web searchenginedatabasethat differentiatethemfrom most
database®r non-webonlineretrieval systems.

Propertieof databasesf general-purpossearchenginesnclude:

e Verylargesize-currentlyestimatedo beonthe orderof tenterabytes
e Contentsaddedat extraordinaryrate- thewebis estimatedo doubleevery 18 months
e High performance typical searchesake underonesecond

e Dynamiccontents web pageshangesomeon anhourly or morefrequentbasis

A web searchengine databasedetermineswhat (local) documentscan be returnedto a
searchinguser One reasona usermight not find a useful documentfor a given searchis the
absenceof that documentin the searchengine$s databasealso called the coverage problem
[Selbeg, 1999 LawrenceandGiles,1998¢ LawrenceandGiles,1998h Guernsg, 200]. A sec-
ondreasorfor searchailureis thewrongdocumenteturneddueto a differencebetweertheactual
pagecontentsandthe versionin the databasereferredto asthe coheenceproblem The cover
ageproblemis coveredin moredetailin Section2.3.2,andthe coherenceroblemis describedn
Section2.3.1.

2.1.4 ScoringModule

Documentgeturnedfrom the databas@reranked by anordering policy. The scoringmodule
determineshow documentarescored andultimately how they areranked.

Ordering policy refersto the methodusedby a searchengineto producearankingof results.

Thereare mary factorsthat canbe consideredvhenrankinga document. Most classicallR
systemausesomeversionof TF-IDF [VanRijsbegen,1979 GrossmarandFrieder 1998, where
theretrieval statusvalue,or score,of a documenis determinedasedn thetermfrequeng of the
guerytermsin eachdocumentelative to the numberof documentsn the collection(databasedhat

containthatterm.
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Simple TF-IDF ranking considersonly individual keywords, or possiblyphrases.Web pages,
however, have mary featuremotfoundin plain text collections.e.g.imagesanchortat, link struc-
ture, headingstables,etc. In addition, the large size and wide variety of typesof pagesmakes
TF-IDF lesseffective.

Most searchenginescloselyguardtheir specificscoringfunctions.However, afew publications
have revealedsomeof the parameterconsidered. Mauldin describedhow Lycos ranked pages
(it is not clearthat thesesamerules apply today): factorsconsideredncludedthe specificterms
andtheir placemenin the document;termsin the title or top of the documentwere given more
weightthantermsfound elsavherein the document.Termsdeemedo be the mostsignificantfor
describinga documentwerealsopromoted.Therehave beensomeattemptgo studyvariousword
frequeng andlocation-basedanking methodsfor web pagesas part of the TREC-7 conference
[Craswelletal., 1999. Most TF-IDF methodsdo not directly considerthe location of words or
their positionrelative to otherqueryterms.

Unlike plain-text documentswebpagescontainmary structurafeatures, suchasfont sizesand
colors,headingsboldface,imagewords,anchortat, titles, meta-tagsetc. It is stronglybelieved (as
indicatedby the recommendationsf the searchenginesfor how to make pagesrank higher)that
searchenginesdo considersuchtagswhenrankingpages.Oneexampleis thatquerywordsof the
samecolorasthebackgroundprin smallfont, arelikely to begivenlessweightthantermsin atitle
or heading.Mary searchenginesalsorecommendhe useof “meta-tags’or metadatahatcanbe
usedto helpdescribeaweb page.Thereareseseral meta-tagspecifiedfor usein describingaweb
pages content. Pagesthat containquerytermsin thesemeta-tagwill almostalwaysrank higher
for searchengineghatconsidemeta-tagsthanpageghatdo not; however, only aboutonethird of
webpageauisethem[LawrenceandGiles,19984.

Recently the structureof the web hasbeenusedasa rankingfactor Sinceweb pagesarein-
terlinked, it is likely that pagesthatlink to eachothermay be related[Davison,200q. Similarly,
pageghatarelinkedto very frequentlyarelikely to be morepopular or moreauthoratitve. Klein-
beig useswveblink structureto producesetsof hubsandauthorities[Kleinberg, 1999. Graphically
a hubis a pagethatis linked to by mary authorities,and an authority is considereda pagethat
links to mary hubs. In our society thereare instancesof hubsand authorities,suchas: a spe-
cific researchemight be an authorityon someresearctareabecauseshehashadmary published
papers.Kleinbeg's work is similar to work on citation analysisusedto analyzeacademigubli-

cations[Lawrenceetal.,1999. Anotheruseof thelink structureis asan approximationof a web

1Thereareoptionsfor structure but thereis no standardmetadataurrentlyfollowed by a large percentagef web
pagedesigners.
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pages popularity The searchengineYahoois probablymore popularthan Metacravler and, be-
causeof that,peoplearemorelikelytolink toht t p: / / www. yahoo. com ontheirpagedhanto

Metacravler. The PageRanlalgorithm,basedon arandomwalk of the web, producesa numerical
scorefor eachweb pagebasedon the link structure[Brin andPage,1998. This algorithmis the
heartof the GoogleSearchEngine. A third useof link structurecanbe asa methodto help deter

mine a descriptionof aweb pagebasedon theanchortext of inboundlinks. For example,a person
linking to Bob’s homepagamight specify anchortgt “Bob Smith’s homepage”gven thoughthe
pagelinkedto might not mention“Bob Smith” or theword homepageSimilarly, the searctengine
Yahoomight not say“searchengine”arnywhere,but a personlinking to it might. Thistechniquds

alsousedby Googleto help predictusefulpages.

Other factorsfor scoringof resultsthat have beenproposedinclude the relative uniqueness
of the informationon a given result, or informativenes$Boyce,1987. Informativenessefersto
the amountof “new” informationin a given result relative to the other results. Somesystems
clusterresultsand may considerthe relative clusterswhen scoringresultsor whenrankingthem
[Zamir etal.,1997. Somesearchenginesclusterresultshasedon the domainfrom which they
originate,hopingto provide a wider variety of pagedo the user NorthernLight organizesresults
into “customfolders” basedn a patentectlusteringalgorithm.

The scoringmoduleproducesa scorebasedon the availableinformationabouteachresultand
the users input. A scoringmodulethat can scoreeachresultindependentlyof the otherresults
hasthe propertyof independentesultscoring Algorithms suchasthoseproposedoy Kleinbeg
requirethe entiresetof datato beretrieved beforeany scorecanbe computedIf ascoringmodule
hasthe propertyof independentesultscoring,it canutilize anincrementainterface,in which the
returnedscoresdo not changeasnew resultsare“found”. Section3.8.4describeghis propertyin
moredetail,aswell astheimplicationsfor the userinterface.

Scoringmoduledor currentsearctenginesarebelievedto bebasednacombinatiorof factors,
bothtopicalandnon-topical.The primarycomponentshesidesaw text, appeato belink structure,
pagedepth(how fardown from themainpageof asite),usersuppliedmetadataandpagestructural
information(title, headingsfont color, etc.). A poorrepresentationf ausers needcanresultin an

inability to scorea givendocumenproperly

2.1.5 Crawler

A web searchengineis a tool that permitsusersto locateweb pagesbasedon content. This
contentmappingis donethrougha databasef web pages.Most generalpurposesearchengines

populatetheir database¢hroughthe useof a crawler, alsocalleda webrobot. A crawvler explores
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theweb by downloadingpagesgxtractingthe URLs from eachexploredpage,andaddingthe new
URLs to its crawl list. Sincethewebis not static— both pagesandlinks change- andgrowing at
afastrate, a cravler mustmake decisionsaboutwhich pagesto examine,aswell aswhich pages
to index. Indexing is the, often compl&, processof addinga pageto a searchengines database.
Indexing involvesparsingthe documentusingmary adwancedalgorithmsto improve the efficiengy
retrieval. Selbeg describesheindexing processaandprovidessereralreferencesn [Selbeg, 1999.

Tasksof thecrawler:

o Retrieve webpagedor usein thedatabase
e Minimize theresourceequirements- this canincludeCPU,RAM, disk, network, andtime

e Properlybalancadiscovery of new contentswith updatingof existing contents

Thesimplestcravler canbethoughtof asa searchalgorithm.Beginningfrom asinglepage po,
downloadthe page,extractthe URLS {p1, po, - . ., pn }, thendownloadthe nev URLs andrepeat.
Thespecificorderingcouldbeassimpleasa breadth-firssearchpr possiblysomeform of best-first
search.

The basicpurposeof a crawler is to retrieve web pagesfor incorporationinto the database.
Givenaresponsie, finite, andstaticweb, onecould imaginea simple cravler searchresultingin
the discovery of all web paged(for which thereexists a pathfrom the startnode). Unfortunately
thewebis large (effectively infinite), individual pagesaredynamicandthe bandwidthto any given
seneris limited. It takesa non-trvial amountof time andnetwork resourceso download(retrieve)
ary givenURL, andthecontentof ary givenURL couldchangeatary time. To furthercomplicate
the taskof crawling, therearemary undesiable pagesgvenfor a generalpurposesearchengine.
Thereare web pagesthat producestreamsof randomdata, or pagesthat are exact duplicatesof
others,aswell aswide variationsof quality or significanceof desirablepages.A general-purpose
searchenginestrivesto cover every subject;however, the usefulnes®f the searchengineis based
onits ability to cover pagessearcherslesire. In additionto general-purpossearchenginesthere
arespecial-purpossearchengines.A special-purposeearchengineis a searchenginethatcovers
only aspecificarea,suchasresearctpapersor news.

Therearetwo basictypesof cravlers,focusecandgeneral-purposd-ocusedtravlersattempto
minimizetheresourcesequiredto find webpagef aspecificcatayory. Recentresearcthasshavn
thata focusedcrawler canoffer a significantadwantagen resourcexpenditurewhencomparedo
a non-focusedcravler [Diligenti etal.,200Q Chakrabartetal.,1999. Even for general-purpose

searchenginesanintelligentcrawvler cansignificantlyreducewvastedresourcesChodescribehow
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to designan efficient crawler by usingURL orderingin [Choetal.,1999. The basicapproachs
to createa performancemetric and optimizethe URL orderingwith respecto that metric. Some
metricsincludethe PageRanlkalgorithm[Brin andPage, 1994, backlink count,forwardlink count,
anda locationmetric.

PageRanks an algorithm, basedon a randomwalk of the web, that attemptsto estimatethe
relative popularity of a web page. Backlink countis the numberof links pointingto a particular
page.Forwardlink countis thenumberof links leaving from a specificpage.Locationmetricrefers
to propertiesof the specificURL, suchas: .commay be moreimportantthan.net or a URL that
containsthe string “home” may be of moreinterestthan other strings. Location metric may also
considempagedepth(the numberof slashesn the URL).

Theorderingmetricfor afocusedcrawler is typically afunctionof the contentof thepagesas
well asof thelink structure.A focusedcrawler, althoughdesignedo find appropriatgpagesmay
alsowishto find pageghatarenotappropriatdor thegivencollectionbut thatlink to pageghatare
appropriate.

Thesecondchallengegfor a crawler is relatedto resourcaequirementsUnfortunately it is not
“free” to downloada web page;resourcesnay be requiredon the part of boththe crawvler andthe
senersservingthe providedwebpagesA compary mightnotmindif theirwebsiteis cravled, but
they might be upsetif a crawler triesto downloadall hundredthousandf theirwebpagesatonce.
Thenetwork resourcesrealsoimportantsincea cravler mighthave ahigh-speedetwork link, but
atargetdomainmay not. Requestinglozensof pageghatall go througha singlenetwork link can
causenetwork problems[koster 1995. In additionto minimizing network and sener resources,
local resourcesnay belimited. If we assumehereare4 billion URLS, it canbe difficult to design
a systemto keeptrackof the currentsetof cravled pagesthe remainingpagesandthe pathbeing
explored.

Thethird challengeof a web crawler is to ensurethat pagesareappropriatelyrevisited. Since
contentsof a web pagecan change,it becomesecessaryo revisit web pages. The greaterthe
numberof pagesn a given databasethe moreresourcesnustbe expendedo ensurethatthey are
all keptupto date,furtherburdeningthe cravler. Edwardsdescribesheissuegelatedto 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:
W bethesetof all Webdocuments.

r(Q, z) beaBooleanrelevancepredicatedefinedby theuser

Given:
A setof WebdocumentsS C W.
A queryQ.

Determine:

Thesetof relevantdocumentsk definedby:
{r e W:r(Q,z) = True}

Figure2.2: Thewebsearchproblemasdefinedby Selbeg [Selbeg, 1999.

2.2 Web Search Problem

Thewebsearchproblemis the challengeof a web searchenginebothto find (likely througha
crawler) usefulpagesandto be ableto returnthemto a searchinguserbasedon the provided user
input. Selbeg definestheweb searchproblemasoneof returninga setof relevantweb documents
from a subsebf all webpagesFigure2.2 shavs his definition.

His definition addressethe basicgoal of finding relevant documents.However, recentwork,
includingthis dissertationshavs thatthereis adifferencebetweertopicalrelevanceandusefulness
A topicaltwo term querymay be insufiicient to determinef a userwill deema documentuseful.
In addition,thegoalof hisdefinitionis to determingheentiresetof relevantdocumentférom some
subsebf theweh As describedn section2.1.3and2.1.5,awebsearctenginecaninfluencetheset
of documentst hasin its databaseAs a result,we feel theweb searchproblemmustincludeboth
the notion of usefulnesswhich is subjectve andbasedn morethanthetopicalquery andthefact
thata searchenginecaninfluenceits own contents.Figure 2.3 propose®ur extensionto the web
searchproblem.

Our definition of the web searchproblemcan be summarizedas locating the n most useful
documentsasjudgedby the user for someinformationneed. To do this, a searchenginemust
createa databasef web documentgrom which to chooseresults. The selectionof D determines
the maximumquality of theresultset. A small D may missmary of thebestdocumentsThe best
possibleis wherethen bestdocumentdrom D is thesameasthen bestfrom W, thewholeweh

It might be possibleto producethen bestdocumentsvithout having a databas¢hatcoversthe
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Let:
W bethesetof all Webdocuments.

U (d) autility functionof agivendocumenfor the users informationneed

Given:
A specificatiorof ausers informationneed,! (typically aquery)
A maximumnumberof documentdo bereturnedn
A setof documentsthedatabaseD C W. Thecontentf D is determined

by the policy of thesearchengine

Determine:
FromD, usingl, determinea setof resultskR = {d1,ds, ...,d;}, |R| <n,RC D,

whereR containghen bestdocumentsrom D asdefinedby U (d)

Figure2.3: Ourdefinition of thewebsearchproblem

entireweh Somespecial-purpossearchenginesoffer very high coverageof a limited area,anda
usersearchingn this areais lesslik ely to desiredocument®utsideof thearea.

It is importantto distinguishbetweenthe goal of finding the n bestdocumentsasopposedo
thebestsetof n. Usinga utility functionover eachdocumenwill only resultin the setof the best
n if the utility of ary given documenis independenbf otherdocuments Without independence,
thebestsetof n mayexcludedocumentshat,whencomparedndividually, arepreferredto atleast
onedocumennotincludedin the set. An exampleof this is nearduplicates.For example,imagine
theworld containeconly threedocumentsg; ds andds. A usermaystatethatd; is preferredo ds,
andbotharepreferredto ds but whenasledto pick a setof the two best,shemight choosed; and
ds, if d1 andds arevery similar. Givendy, themamginal utility of ds is lessthanthatof ds.

Boyce suggestgonsideringnformativenessvhenscoringdocumentgBoyce,1987. Informa-
tivenesgs a functionof the contentsof all retrieved documentsandif significantmay suggesthat
a singledocumenicannotbe scoredaccuratelywithout consideringhe entirereturnedset. A user
wantsto locate usefuldocumentswe argue that a systemthat finds mary usefuldocumentsas
judgedindividually, hassucceededSimplerulescanbeappliedto remove exactor nearduplicates.

To find the bestsetof documentdor ataskis adifferentandmoredifficult problem.
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2.3 Fundamental Problemsfor Web Search Engines

As describedy thewebsearchproblem,a web searchenginestrivesto locatethen bestdocu-
mentsfor agiveninformationneed.Therearesereralfundamentadifficultieslimiting theability of
asearchengineto returnusefuldocumentsFirst, usersdon't speakin informationneedsor utility
functions;they communicat@anapproximatiorof theirinformationneedto a searchenginethrough
aninterface. Unfortunately moderninterfacesare not very goodat capturingan accuratedescrip-
tion of ausersinformationneed.In fact,thereis atradeof betweera simpleinterface(easyto use)
thatcancaptureminimalinformation,anda moreadwancednterface,moredifficult to use thatcan
allow for amoreaccuratedescriptionof the users need;thisis calledtheinterfaceproblem A web
searchenginealsostrivesto have all usefuldocumentdor all possibleinformationneedsjn other
words, it triesto index thewholeweh To try to possesall documentss calledthe webdiscovery
and coverage problemandthe problemsassociatedvith documentontentschangingis calledthe

coheenceproblem

2.3.1 The CoherenceProblem

Unlike mostonline retrieval systems,a web searchenginedoesnot control the pagesit in-
dexes. A webpagecanchangeat ary time; it is the burdenof the searchengineto recognizesuch
changesThe coherencgroblemis that of keepingthe databaseontentsconsistentvith the pages
to whichthey refer. For mostweb searchenginesthe crawler is responsibldor re-checkingpages
[Selbeg, 1999.

The coherenceproblemaffectsthe ability of a searchengineto return usefulresultsbecause
inconsistenciebetweerthedatabas@ndactualpagecontentancauseusefulpagego bemissed,
or pageghatarenolongerusefulto bereturned.

In additionto pagecontentschanging,sometimegagesareremoved. Whena searchengine
resultrefersto a non-eistentpage,it is calleda deadlink. Deadlinks areannging for usersand
areonefactorusedto describethe effectivenessof a searchengine— the fewer the deadlinks the
better

Thereare several approachego reducingthe coherenceproblem, or to reducingthe conse-
quencef it. Theactualproblemis generallyattacled by recravling web pagesmorefrequently
Recravling every pagein ordercanreduceheresourcesvailableto thecrawler for discoreringnewv
contentspotentiallylowering searchenginecoverage A moreeffective methodis to recravl pages
intelligently basedon their expectedchangerequeng andimportancegSeltzeretal., 1997. Some

sitesusethecoherenc@roblemasamethodto producerevenue.For example,Inktomi chagesweb
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sitesextraif they wantto berecravled moreoften.

In additionto the researchon recravling, therehasbeenresearcton developing protocolsor
methodsfor notificationof contentchanges.Suchmethodscould alsoinclude notification of the
additionof new contents.Unfortunately mostsystemadministratorglo not useary type of notifi-
cationsystemandit is unlikely a singlestandardvill beadopted.

Therearealsosereralapproachem hidingtheproblemfromtheuser ThesearctengineGoogle
allows usergo view the cachedversionof a pageasit wascrawled, providing userswith the option
of seeingthe original contentsof a removed page. Somemetasearckenginesmay downloadpage
contentgo ensurghecurrentcontentsarestill relevantto theusers queryandto remove deadlinks
[Gauchetal., 1996 LawrenceandGiles,1998a LawrenceandGiles,1998h Gloveretal., 1999h
Gloveretal.,19993.

Someweb sites,suchasstockor news sites,have a continuallyupdateddatabasef local con-
tent. Local control ensureghat all pagesreturnedare valid and have not had a contentchange.
A metasearclkenginethat queriessucha site will alsobe guaranteeaf the curreng of the result,
allowing it to returnpageghatmight not be containedn the databas®f a general-purpossearch

engine.

2.3.2 The Web Discovery and Web CoverageProblem

The rapid growth of the web presentdwo fundamentabroblemfor searchengines. First is
the problemof containingandobtainingall possiblepages.Seconds the problemof locatingall
possiblepages.Themeasuraisedto describehe percentagef theindexablewebcoveredis called
coverage. Several studieshave beenconductedto estimatethe coverageof web searchengines
[LawrenceandGiles, 1999a LawrenceandGiles,1998¢ Selbeg, 1999 GordonandPathak,1999
BharatandBroder 199§. Althoughthey do notall agreeonthe exactsizesandpercentageshere
is consensuthatno singlesearchenginecancover theentireweh Theestimatedy Lawrenceand
Gilesfrom a samplingof all IP addressem Februaryof 1999concludedhatthe largestcoverage
by asinglesearchengineis about16%.

Despitea rapid decreasén the costsfor storageover the pastdecadeandrapid increaseof
network bandwidthjt is notexpectedthatary searchenginewill individually cranl the entireweh
Evenif acrawler couldcrawl theentireweb, it is unlikely thatit would havethemostrecentcontents
for every page.Selbeg describesereralreasonavhy it is unlikely for a singlesearchengineever
to becomprehense [Selbeg, 1999.

The first problemin discovering every web pageis the ability to obtainand storeevery web

page(or evenjust every URL listed on the seenweb pages).Evenif therewerea masterlist of
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all knovn URLs anddisk spacewerefree, the sheersize of the web andlimited performanceof

websenersandnetwork links would make it difficult to downloadevery pagein areasonabléme.

Thewebcoheenceproblemrequiresthatweb pagesbere-visited,or otherwiseupdated{o ensure
contentsare keptsynchronized.A slow crawler may know of every page(assuminghe webwas
not growing), but if it takestenyearsto getthem,thevalueis questionableThis problemis made
impossiblewhen the growth rate of the web is larger than the growth rate of available network

resourcegor a crawler (assuminga singlecentralizedcrawler with no cooperatiorbetweersearch
engines).

The secondproblemis determiningevery URL. Unfortunately thereis no masterlist of all
URLs. As aresult,URLs mustbe discorered. The webdiscorery problemdealswith the task of
determiningthe setof all (indexable)web pagesgivenaninitial set. Erik Selbeg formally defines
thewebdiscorery problemin his dissertatiorfSelbeg, 1999. His definition beginswith aninitial
setof web pages.By following hyperlinks(URLS), beginning with the initial seed,determineall
webpages.

Although this might seemeasy thereare several stumblingblocks. First, web pagesare dy-
namic,andlinks from a given pagemay changeor may point to hon-«istentpages.Secondnewv
pagesareaddedandthey mightnotbelinkedto. The problemis madeworseby therobotexclusion
standardhat stateghata web crawler or robotshouldnotindex or cravl pageghataremarked as
excluded[Koster 1995; ary websener canindicateary directoryor setof pagesasexcluded.As
aresult,evenapagethathasapathto it from aninitial pagemaynever be cravled becauséhe path
goesthroughanexcludedsite. Thelarge sizeof theweb alsocreateshallengeslueto the needto
keeptrack of whathasbeenseemandwhathasnot.

Anotherproblemfacedby crawlersis thatof “spidertraps:. Sincewebpagescanbedynamic,
someindividualswill generatgpagecontentsfrom programspor CGI scripts. Thesecontentsmay
includedozensof randomlygeneratedJRLs, mary of which point to the sameprogram resulting
in anapparentlyinfinite path,eventhoughin actualityit is only oneprogramthatrespond$o mary
differentURLSs. Spidertrapsaresometimesisedasa mechanisnior contaminatinghe e-maillists
generatedby e-mailsearchingrawlers.

Thereare several approachesaken to reducethe effects of the web discorery and web cov-
erageproblems. First, a metasearctengine has beenshavn to provide higher coverage, by
combiningresultsof several searchenginesthanthe largestsingle searchengine: 42% vs 16%
[LawrenceandGiles,19994. In addition, new technologiesmay develop to allow for alternate
methodsof distributedsearchallowing for the entirewebto be searchedvithout having directac-

cessto a single centralizeddatabasef all pages. Distributed searchcan be accomplishedvhen
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eachweb sener maintainsits own index; and eitherthe indicesare combined,suchaswith Har
vest[Bowmanetal., 1994, or searchesreapplieddirectly to the smallerindicesin a metasearch
fashion. Whencombiningindices, it is necessaryor thereto be a single standardand universal
cooperationneitherof whichis likely to exist. In addition,if the changerateof theindividual web
indicesexceedghe bandwidthto the centralindex, it is impossibleto achieve completecoverage.
Thecurrentapproactby searclengineds to focustheir cravler on sitesbelievedto bethe most
important[Choetal.,1998. Excluding pagesthat are unlikely to be desiredby searchingusers
canalsoreduceresourcecostsandimprove performanceSomesearchenginesarespecial-purpose,

coveringonly onetopic or genre,andasaresultcanignorelarge portionsof theweh

2.4 Resource Costsand Scalability of Web Search Engines

Thereareresourceostsassociatewvith maintenancef awebsearchengine andseparateosts
for respondingo queries. Most general-purposweb searchenginesaredesignedo handlehigh
queryloadson the orderof tensof millions of queriesperday A well designedsearchenginecan
in theorybe scaledto handlearbitrarily large numbersof userqueriesgiven enoughcomputational

resourcesHowever, network bandwidthmay limit the maximumperformancef a cravler.

2.4.1 Search Engine Maintenance Costs

A searchengineasdescribedn Figure2.1 mustmaintainits databaseDatabasemaintenance
requiresensuringcurrentcontentsare synchronizedwith correspondingveb pagesand cravling
new pagedo ensuresufficient coverageis provided. Theweb crawler is responsibldor bothtasks,
andthe limiting resources the available network bandwidthboth at the cravler and at the target
websitesbeingcrawled. As describedn Section2.3.2,it is unlikely thata searchenginewill ever
crawl the entireweh The moreresourceprovidedto the crawler, in generalthe morepageshat

canbecrawled or recravled.

2.4.2 Query Costs

A searchengineexpendsresourcego respondto userqueries. It is estimatedhatthe size of
the textual contenton the indexable web is several terabytes. Several advancedalgorithmshave
beendevelopedto permitsearchenginego respondo mostqueriesin fractionsof a second.Even
with sublineay but not constantime, algorithms,asthe sizeof theindex grows, theresponsdime
perguerywill increase.Thisincreasds separatdrom the total numberof queriesa searchengine

canprocessn ary given amountof time. Duplication of a searchengine$ databasean permit
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multiple instanceof a given searchengineto respondto simultaneousiserqueries,providing a

nearlyunlimited scalabilityfor userqueries.
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CHAPTER 3

Web Metaseaich

A metasearckngineis a“meta” searchengine;it is a searchenginethatsearchesthersearch
engines.A metasearclenginetakes userqueriesand submitsthemto multiple underlyingsearch
enginesandcombinegheresultsinto a singleinterface. Metasearclenginesareprimarily usedto
improve coverageover asinglesearchengine.

In this chapterwe presenta descriptionof the architectureof a web metasearclengine.Then,
we definethewebmetasearchroblem.Finally, we presenseveralproblemsacedby a metasearch
enginethatlimit its ability to find usefulresults.

This chapterdescribeghe architectureof a metasearckengine. To understandsomeof the
conceptswe definea search enginerequeststhe guerysentto a searchenginerequestingesults.

All requestareassumedo be syntacticallycorrectfor the searchenginebeingqueried.

3.1 Architecture of a Metasearch Engine

User T
» D tchen-----------
Interface PRI ——
Scor ’
0

Figure3.1: Architectureof awebmetasearckengine.

Thearchitecturef awebmetasearchngines similarto thearchitecturef aregularwebsearch

engine.The primary differenceis thatthe databasef a web searchengineis replacedby a virtual
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Figure3.2: A possibledesignof adispatcher

databasecgonsistingof the dispatcherotherweb searchenginesanda resultprocessorA virtual
databaséunctionslike alocal databasén thatqueriesareappliedandresultsreturnedput doesnot
requirelocalstorageln additionto theweb,therearefour componentsf awebmetasearckngine:

userinterface,dispatcherresultprocessqrandthe scoringmodule.

3.1.1 UserInterface

Theuserinterfaceof ary searchengine(metasearckengineor regular searchengine)is thein-
terfacebetweerthe“user™ andthesystem t is responsibldor acceptinguserinputanddisplaying
output. Both a metasearckengineand a regular searchenginemust capturea descriptionof the
searchingusersinformationneed.A metasearckenginemayhave afew extraoptionsrelatedto the
decisionsaboutwhereto searchput otherwiseis similar to thatof aregularsearchengine.

Oneof thedifferencedetweera metasearckengineandaregularsearchengineis the expected
searchtime. A regular (centralizedsearchenginecanbedesignedor a specificperformanceeed.
A metasearckengineis limited by the performancenf the searchenginest queriesandasa result
may take significantlylongerthanmostof the searchenginest queries.This extratime presentsa
problemfor the userinterface,sincea normalmetasearckengineinterfacemustwait for all search

enginego respondeforeacting.

3.1.2 Dispatcher

The dispatcherof a metasearclkengineis similar to the query processoiof a regular search
engine. A queryprocessogenerateslatabas@ueriesbasedon the input from the userinterface;
a dispatchemgenerateseach enginerequestdrom the users input. A dispatchemustdetermine
which searchenginego query andhow to querythem. Figure 3.2 shavs onepossibledesignof a
dispatchemwith anexplicit sourceselectorto choosesearchenginedo query anda querygenerator

to modify queriesappropriatelyfor eachsource.

A usercouldbe a metasearckngine.
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The dispatchemales the primary searchdecisionsfor a metasearctengine. The decisions
of which searchenginesto query andhow to query eachsource,directly affect the ability for a
metasearckengineto locateusefulresults.Poorly chosensourcesr ineffective querieswill result
in few usefulresults. A dispatcherlsoinfluencesthe resourcerequirement®f a metasearcken-
gine. A dispatchethatsendgoo mary searchenginerequestsequiressignificantlymorenetwork
resourcesandwill probablytake longerto completea searchthana metasearcknginethatqueries
only afew resources.

Thedispatchefirst decidesvhatandwho to query thenmustformulateanappropriateequest.
Therequesgeneratocombinegheusers query the selectedourceandchoserguerymodification
to producea valid web request(typically a URL). The requestsubmittertakes that requestand
executest. Therequesssubmittermustinteractwith the low level protocolsandensurehaterrors

areappropriatelyrecorded.

3.1.3 ResultProcessor

Theresultprocessopf ametasearckengineproduceghe outputof thevirtual databasereturn-
ing resultswith associatednetadataResultssentfrom the resultprocessoto the scoringmodule
aresimilarto resultsreturnedfrom a databasén aregularwebsearchengine.Theresultprocessor
acceptsearch-engineesponseandextractsfrom themtheindividual results.

Figure 3.3 shavs a simple two-partview of the tasksof the result processor First, a result
processoretrieves pagesfrom the web (searchengineresponses)Second,it extractsthe results

containedwith them.

v
v

Figure3.3: Two subcomponentsf agenericresultprocessar

A resultprocessohassereral things that limit the ability for a metasearctengineto locate
usefulresults. The responsgagefrom a searchenginecontainsonly minimal informationabout
eachresult; a large searchenginedatabasecontainsall the necessarynformationto scoreeach
result, but only a small subsetof this informationis provided in the search-engineutput. The
informationprovidedin the outputsof differentsearchenginesmayvary. Eachsearchenginemay
have adifferentoutputformat,andtheinformationprovidedby eachsearctenginemaybedifferent.

Onesearcltenginemayprovide atitle, URL, andadocumensummarywhile anothemightprovide
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atitle, date,URL, andquery-termcontext. The sameweb pagereturnedby two differentsearch
enginesnayappeadifferently

An adwancedresult processomay performinformation-gatheringactionsto supplementhe
dataabouteachresultto improve the ability to scoreresults. Typical informationgatheringactions

includethe downloadingof webpagego provide full HTML.

3.1.4 Scoring Module

Thescoringmoduleof ametasearckngine Jike the scoringmoduleof aregularsearchengine,
producesa scorefor eachresultfrom the associatedliataabouteachresult. If a metasearckengine
cannotdirectly compareresults,a fusionpolicy is usedto combinethe ranked lists of resultsinto a
singleorderedist. Unlike aregularsearchengine,a metasearcknginemay have limited informa-
tion abouteachresult. The missinginformationmay malke it difficult to identify a resultasuseful

for agiveninformationneed.

3.1.5 FusionPolicies

A metasearcknginethatcombinegheresultsfrom differentsearchenginespasecdnly onthe
limited information returnedfrom eachsearchengine,usesa fusion policy sinceit is fusing the
resultswithout beingableto compareghemdirectly.

Craswelldiscusseshe differenceshetweenintegratedmeiging methodsandisolatedmeiging
methodgmetasearckngineranking) [Craswelletal., 1999. He examinedour source®f merging
information: ordinal rank assignedo a document,scoreassignedo a document,senerpromise
metric,andthe contentsof thedocumenitself.

In additionto thesefour sourcessomemetasearcbnginesonsiderquerytermsin thedocument
summariesor URLSs returnedfrom multiple searchengines. A documentthat containsthe query
termsin thetitles, summariesor URL is believed to be morelikely to berelevantto thequery A
documenthatis ranked highly by mary searchenginesfor the samequeryis alsoassumedo be
morelikely to be usefulsincesereral differentrankingfunctionsscoredit highly [Selbeg, 1999.
It shouldbe notedthat datafrom our userstudy aswell asdatafrom the work of Gordonsuggest
thatoverlapbetweersearchenginesoccursinfrequently[GordonandPathak,1999.

Selbeg describesthe ranking functions used by MetaCravler [Selbeg,1999. When
MetaCravler is instructedto downloadall the results,andthe useris searchingor “All of these
words” or “Any of thesewords”, an algorithmsimilar to TF-IDF is usedto scoreeachdocument.
If thedocumentaredownloadedandthe userspecified‘phrase”searchMetaCravler scoresdoc-

umentsbasedon theterm proximity.
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When MetaCravler doesnot downloadary documentsthe Normalize-Distrilute-Sun (NDS)
algorithmis usedto fusethe documents.NDS considerghe original scoresfrom eachsearchen-
gine? andnormalizesto prevent a single searchenginefrom dominatingthe ranked list. NDS is
designedo re-weightthe individual searchenginesaswell asto provide a scorebonusto docu-
mentsranked highly by multiple searchengines.

OthermetasearcknginessuchasProFusionusesimilar fusion policies[Gauchetal., 1994.

3.1.6 Wrappers and Agents

Figure3.1describeslogical architectureof ametasearckengine.Thedispatcheandtheresult
processorlre explicit. Somemetasearclenginesarebuilt usingspecialsoftware calledwrappes
or agents Typically, anagentor wrapperis associatedavith a singlesearchengine,andperforms
someof the sub-task®f the dispatcherndresultprocessorFigure 3.4 shavs anarchitecturalep-
resentatiorof a metasearclkenginebasedon wrappers.In Figure3.4thereis no explicit dispatcher

or resultretriever.

v

Figure3.4: A metasearckenginebasedon wrappers.

A wrapperis a namegiven to a pieceof codethat can acceptqueries(inputs) and generate
web requeststypically for a specificsearchengine,and procesghe results. Thesetasksaddress
someof the sub-taskf the dispatcherandthe result processor Wrappersare typically usedto
build modularsystemghat caneasilyincorporatenen searchengines.Wrapperscanbe usedwith
a standardizedhterfaceto allow third partiesto createwrappersandto allow wrapperusefor other
researclsystems.

Like wrappersagentscanform partof ametasearclkengine.Agentbasednformationretrieval
hasbeenthe focusof mary recentresearctprojects [Atkins etal., 1996 Paepcle etal.,1997. An
agentrefersto an independenentity (could be a human)that hasgoalsand can make decisions.
Oneareaof agentresearchs digital libraries. Agentsare usefulfor sucha systembecauselike

wrappersthey allow modulardesign;eachagentcanbe designedndependentlyandallow for a

2Currentlyfew searchenginesprovide numericalscoredor results soa modifiedversionof NDS would berequired.
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SN

Figure3.5: Theinternalsubcomponentsf awrapper

highly distributedsystem.

Althoughthis dissertatiorfocusesprimarily on centralized web-basedmetasearclkenginesa
digital library could have the samefunctionality asa metasearckengine.The University of Michi-
gan Digital Library Project,for example,would senda users queryto several differentsources,
including someweb searchengines.Figures3.2 and 3.3 shawv a possibledesignof the dispatcher
andresultprocessorSimilar to the metasearcknginearchitectureshovn in Figure3.1,the UMDL
hasaninterfacethat acceptsuserinputsanddisplaysoutput. In the UMDL, atask-planneagent
generates plan, from which “requests’are sentto multiple CollectionInterface Agents,someof
which are proxiesto web searchengines.The resultsarereceved and processedby the UserIn-
terfaceAgent (UIA). The tasksperformedby the agentsof the UMDL projectareidenticalto the

sub-taskperformedoy thedispatcherresultprocessqgrscoringmodule,anduserinterface.

3.2 Web Metasearch Problem

The goal of a web searchengineis to find the n mostuseful documentdor a given search.
A web searchengineinfluencesthe documentsn its databasendthe ranking of the documents
returnedfor agivensearch A metasearcknginehasthe samegoal,to returnthe bestn documents,
asjudgedby the user However, a metasearclenginedoesnot necessarilyhave a databasebut
ratherrelieson resultsfrom othersearchengines.A metasearclenginecontrolsthe setof results
throughthedispatcherthe setof resultsthatcanbereturneds determinedrom theresponseto the
searchenginerequestgieneratedby thedispatcherLik e aregularwebsearchengine,a metasearch
enginecanchoosethe rankingof the documentst returns;however, it often mustdo sowith less
informationabouteachresult.

Figure 3.6 describeghe web metasearciproblem. The importantaspectsarethe selectionof
searchenginerequestandthe rankingof results. Metasearclengineswvereoriginally designedo
improve coverage.Researchasshavn thatcombiningresultsfrom several searchenginessignif-
icantly improvescoverageover ary singlesearchenginealone. A metasearckenginemay be able

to have indirectaccesso moreresultsthanarny onesinglesearchenginealone,but therearemary
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Let:
U (d) autility functionof agivendocumenfor the users informationneed

D = (D, Ds,...,D ) isthesetof searchenginedatabasesorrespondingo

Given:
A specificatiorof ausers informationneed,] (typically aquery)
A maximumnumberof documentdo bereturnedn
A setof searctengines ={ e, es,..., e}

Determine:

Using andI, generata setof searctenginerequests ={ e, x }
where ; is queryto searchengine e

D istheunionof theresultsreturnedfrom all of the searchenginerequestsn @)

UsingI, determineasetof resultsR = {d1,ds,...,dx}, |R| <n,R C D,

whereR containghen mostusefuldocumentsrom D asdefinedby U (d)

Figure3.6: Definition of thewebmetasearcproblem

restrictionson this accessThelimited accesdlirectly affectsthe ability for ametasearclkngineto

returnusefulresults.We presenfive specificproblemsacedby a metasearckngine.

e First,ametasearcknginehasalimit to thenumberof resultsretrievablefor ary givensearch.
Thislimit, calledthewebseach horizon is eitherartificially imposedby a searchengine,or

is boundedby theresource®r resultsavailable.

e Secondmetasearcknginesnayhave accesso the URLsof mary results put theinformation
usedto scoreeachresultis not alwaysprovidedin the outputinterfaceof the queriedsearch

engine—thelimited informationproblem

e Third, a metasearckengineis dependentn the resource®f outsidesearchengineswhose
performancehey cannotcontrol. As aresult,a metasearclkenginehassearchtime issues-

thetempoal seach problem

e Fourth,theattitudeof a particularsearchenginedirectly affect theability of ametasearckn-
gineto find usefulresults.A cooperatie searchenginewill make specialaffordancego im-
prove metasearchingyhile ahostilesearchenginewill block or interferewith themetasearch

process- thelimited coopeation problem

35



e Fifth, individual searchenginesareindependengntities,eachwith theirown interfaces.Each
uniqueinterfacepresentproblemsfor a metasearcknginewishingto locateusefulresults—

multipleinterfacesproblem

3.3 Web Search Horizon

A websearctenginehasaccesso all resultsn its own databasghenmakingrankingdecisions.
However, ametasearckngineis limited by thereturnedsetfrom theunderlyingsearckengine.This

is calledthewebsearh horizonproblem.

Definition 3.3.1 Theweb-seath horizon( ) for a specificsearch requesis the minimumof the

following threethings:

° . Theartificial limit onthe numberof resultsreturnedby a seach engine
e : Thepointat which it is no longer practical or desiable to retrieve more results: the
stoppingpoint

¢ |D |: Thenumberof resultsretrievedfor a particular query(input)

The web searchhorizonemphasizeshe difficulties a metasearckenginefaceswhentrying to
find usefulresultsfrom a specificsearchengine. A single searchenginemay containa million
resultsfor a particularquery but becausef the web searchhorizon,only a tiny fraction may be
seen.The problemis further complicatedby the factthatthe orderingpolicy of the searchengine
mayvary from thatof the metasearcknginemakingtherequestcausingusefulresultsto beranked
beyondthewebsearchorizon.

A metasearcknginecaninfluencethe web searchhorizonby expendingmoreresourcesn the
form of extrasearchrequestsMost searchenginesallow a“user” (in this casea metasearckngine)
to requestmore thanthe default ten results,but at a resourcecostfor both the requesterandthe
searchengine.The extra requestsiot only requireextra network bandwidth,but alsomayincrease
thetotal searchtime.

To reducethe effectsof the web searchhorizon,it is desirablghatthe searchengines ordering
policy matchthatof the metasearclkengine,causingthe bestresultsto be ranked nearthetop. If it
is not possibleto alterthe searchengines orderingpolicy, otherstepsmay betakento improve the
precisionof the results(the precisionis the densityof usefulresults). Query modificationmay be

usedbothto alterthe searchengines orderingpolicy andto improve precisionof theresults.
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Several searchenginesoffer options,suchas*“sort by date” or “restrict by cateyory” A good
dispatchemill utilize all available optionsto 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 setof resultsreturned. Adding extra termsmay
restrictthe resultsetto thosemorelikely to be useful,or may causea searchengineto rank more
usefuldocumentsearthe top. For example,whensearchingor researchpaperson AllTheWeb,

addingi nt roducti on shown in figure ' tothequerywill causenearlyall of thetop

20 resultsto beresearclpapers®

3.4 Limited-Inf ormation Problem

A web searchenginetypically hasaccesgo the full-HTML andotherinformationabouteach
resultin its databaseThis informationis usedto determingherankingandthe summarydisplayed
in theoutputuserinterface.A metasearcknginequeriesothersearctenginesanduseghepresented
resultpageto generatats own setof results. Unfortunately a metasearclengineis not presented
with all theinformationthatwasusedby the queriedsearchengineto make the decisionto return
theresult. Thelack of availableinformationreducegheability for ametasearckngineto judgethe

usefulnessf aresult.

Definition 3.4.1 Thelimited-informationproblem
Theinformationprovidedby a seach enging in the outputuserinterface maybe lessthanthe

informationis usedto male therankinganddisplaydecisions.

Thereare mary factorsa searchengineconsiderswhen ranking documents.Threecommon
featuresinclude: link structure;query-termfrequeng in the documentor collection; and special
HTML structuralinformation,suchasMETA-TAGS or font color. In generaljnoneof thesethree
factorsarepresentedn the outputuserinterface.

For example,mostsearchengineswill scoredocumentdasedat leastin part on queryterm
frequeng in the documentandthe collection (TF-IDF). A searchenginehasaccesdo term fre-
queng in boththe documentsandthe collection; however, they do not display suchinformation
in theresultspresentedn the outputinterface. A protocolcalled STARTs wasdevelopedto allow
searchenginedo provide thisinformationin a standardvay [Gravanoetal., 1997. Unfortunately

this protocolis notin wide use.

3This query modifications effectivenessvas demonstrateat the time our learningalgorithmswererun, but dueto
changesn the orderingpolicy or databaseontentsjt may becomdesseffective.
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As aresult,atypical searchenginereturnsonly thetitle, URL, anda shortsummaryor query
term context information. It is possiblethat a usefulresultwould containnoneof the queryterms
in thetitle, URL or summary Querycontet, althoughhelpful, doesnot provide muchinformation
aboutwherethetermsoccurrelative to eachotheror their frequeng in thedocumenbr collection.
A very large but not useful documentthat containsone relevant paragraphmay have the same
displayedquerytermcontet asa documenthatis entirelyaboutthe users 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, suchas queryterm frequeng in the document. The second
approachs to useproxy statisticsto estimatelF-IDF [Craswelletal.,1999. Proxy statisticamay
allow computationof inversedocumentfrequeng (IDF), but do not provide term frequeng in a

documentvhereonly asummaryis available.

3.5 Temporal-Seach Problem

Another consequencef relying on other sourcesfor resultsis the lack of control over the
lateny. An individual searchenginecan be designedfor specific performancerequirementsas
neededjn generalthe moreresourcesthe faster No matterhow mary resourcesreavailableto
a metasearckengine,it cannotreturnresultsfasterthanthe searchenginest queries.The latengy
is further increasedvhen a metasearclenginerequestanore than the default numberof results
from asearctengine or whenexpensve (bothin termsof time andnetwork resourcesinformation
gatheringactionsareperformed.

Theincreasedateny maynotdirectly affect the quality of thefinal returnedresults but rather
affectstheability for ametasearclkengineto operatdan real-time.

On average,atypical searchenginemay respondin underone second;the worsttime canbe
ten or more seconds.In somecasesa searchenginerequestmay be unansweredtiming out in
asmuchas 30 or more seconds.The temporal-searclproblemsimply statesthat: A metasearch
engineis limited by the performanceof the underlyingsearchenginesit queries. Responsesre
not instantaneousand may comeinconsistently Selbeg describesasone of the advantagef a
metasearclenginethe ability to returnresultseven when a single underlyingsearchenginefails
[Selbeg, 1999. Unfortunatelythis advantagecomesata cost:time.

Currently therearetwo userinterfaceapproacheso dealwith the increasedotal searchtime.
Firstis theuseof feedbacko theuserthatthesystems working. Seconds theuseof anincremental

interfacethat providesboth feedbackandusableresults.Most metasearclengineschoosethe first
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approactby offering colorediconsthatindicatethe statusof eachsearchengine.As asearchengine
respondsthe associatedcon turnsfrom yellow to green;if thereis anerror, it turnsred. A second
type of feedbackis a two screenoutputinterface. The first screenlists the namesof the search
enginesasthey respond After the searcthascompletedthe secondscreerists the scoredresults.

This researchusesanincrementainterfaceasa meansof reducingthe perceved lateng. Al-
thoughit is impossibleto returnresultsfasterthanthesearchenginesjueried,t is possibleto return
scoredresultsas soonasthey arefound, even beforethe searchcompletes. The incrementalin-
terfaceandthe propertyof independentesultscoringis describedn moredetailbelown in Section
3.8.3.

In additionto reducingthe consequencesf the lateng, seseral actionscanbetakento reduce
thelateng itself. Many metasearclengineswill imposeexplicit time limits on eachsearchengine
queried.If thesearchenginedoesnot respondwithin 30 secondsfor example,the searchengineis
ignoredandthe searchterminates A time limit will placeanupperboundonthetotal searchime,
although30 secondsnaybe consideredy mary usersoo long to wait.

Anotherapproactis the useof sourceselectionbasedon expectedperformance Eachsearch
engineperformsdifferently: if timeisimportantthenchoosingo only querythoselikely to respond
quickly canreduceotallateny. ThemetasearcbngineProFusiorallows selectiorof sourcedased
on expectedsearchateny [Gauchetal.,1994.

Threeothermethodsusedin ourresearchncludethe useof alternatestoppingconditions,web
cachesandthe intelligent, selectve downloadingof results. A metasearclkenginemay chooseto
stopbasedn conditionsotherthanall queriedsearchenginesespondinglnquirus2, ourresearch,
terminatesthe searchwhen a specifiednumberof resultshave beenprocessed.It may also be
desirableto stop basedon the scoresof resultsor otherfactors. By stoppingbasedon results,a
single,slow searchenginewill not necessarihadwerselyaffectthetotal searcttime.

The secondapproachwe useis web caches.Inquirus 2 downloadsmary results. The down-
loadingof resultscanbe very expensve andcanincreasesearcHateny. Web cachesanbe used
to reducethe costsof downloadingresults. A third technique describedn detailin Section4.2,
is intelligentselectve download. Choosingto downloadonly someresultscansignificantlyreduce
the searchcostsandtotal searchtime. Scoringa resultwithout download cantake fractionsof a

secondwhile downloadingmaytake severalseconds.
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3.6 Limited Cooperation Problem

A web metasearclengineutilizes the resource®f othersearchengines. Eachsearchengine
hasan attitudetowardsa metasearclengine. Therearethreepossibleattitudes:cooperatie, non-
cooperatie but not hostile,and hostile. Eachof theseattitudeshasimplicationsfor the ability of
a metasearckengineto locateusefulresults. In addition,a metasearckengine throughits actions,

canaffecttheattitudeof othersearchenginegowardsit.

e cooperatre — A searchengineworkswith a metasearclkengine eitherthroughspecialinter

facesgearlynotificationof interfacechangesor possiblyprivateaccesgo their resources.

e non-cooperatie, but not hostile— A searchengineis mostly indifferentto a metasearclen-

gine.In generalplockingis not performedandno specialaffordancesareprovided.

e hostile— A searchengineforbidsaccesdy a metasearckngine.Oftencarriedout by techni-
calmeansij.e., blockingor difficult to parsenterfaces requiredauthenticationusertracking,
etc., This attitudeimplies a strongdesirenot to be remotelyqueried. In the extremecasea

hostilesearchenginemay uselegal remediedo stopremoteaccesseby a specificparty

The bestrelationship,from the perspectie of a metasearclengine,is a cooperatie one. A
searchenginethatis cooperatre will take actionsto assista metasearckengine,suchasproviding
a privateinterfaceor makingdesignalterationgo facilitate searching.n generalthis relationship
will notoccurwithout someform of incentve, suchaspaymentor eachquery

Thesecondandprobablymostcommon typeof relationshigs non-cooperatie, but nothostile.
A searchengineof this typewill permita metasearckengineto queryit, but will not make special
affordances.A searchenginemay allow metasearckengineswithout helpingthem,aslong asthe
percevedresourcéurdenis keptsmall. For example a searclenginemightnotblockametasearch
engineif fewerthan10,000queriesaresentperday Ourresearclassumesll searchengineghat
arequeriedhave this type of attitude.

Thethird typeof relationshigs hostile. A searctenginethatdoesnotwantametasearckngine
queryingit, andtakesactionsaccordinglyis saidto behostile. Typically, hostilesearchengineswill
usetechnicaimeanssuchaslP addres®r USER-AGENT basedlockingmechanismsA persistent
metasearckenginecould be viewed asparticipatingin a limited denialof serviceattackandmight
be stoppedhroughlegal action.

Theattitudesaffectthe ability for ametasearckngineto provide usefulresultsin severalways.
First,asearctenginethatis hostilewill makeit difficult orimpossibleto be metasearched®econd,

a searchenginemay changeits interfaceor orderingpolicy at ary time, andif the relationshipis
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not cooperatre, the metasearckenginemayrequirehighermaintenanceosts.Third, a cooperatre
searchenginemay make specialaffordancessuchasproviding extra informationalongwith each
result,improving the ability for a metasearclengineto scoreresults,possiblywith lower resource
costs. A cooperatie searchenginemay provide, throughspecialinterfaces,lower latenciesthan
would befoundthroughthe normalinterface,reducingthe effectsof thetemporalsearchproblem.
A metasearcknginecanaffecttheattitudesowardsit. A metasearcknginethatsubmitsmary
requestger day to a searchenginemight causethat searchengineto becomehostile; askingfor
moreresultsis almostidenticalto makinga distinctrequest.Thewebsearcthorizonshouldbe kept
aslow aspossibleto minimize the total numberof requestgo ary searchengine. A metasearch
enginethat performssourceselectionmay be ableto spreadthe total queryload amongmultiple
searchengines.A metasearctenginethat performscachingof searchengineresponsesnay also
reducethe total numberof queries. Thereare alsotechnicalmethodsthat canbe usedto reduce
accountabilityof queries.For example,a personalmetasearclengine , suchasSherlock,makesall
queriesfrom a users machineinsteadof a centralsener. Distributing the load malkesit harderto

attribute all therequestdo a singlesourcereducingthe chanceof beingblocked.

3.7 Multiple InterfacesProblem

A metasearckenginesubmitsqueriesto several searchenginesand extractsthe resultsfrom
their responses.Eachsearchenginehasa uniqueinput interface and a unique outputinterface.
Therearenot currentlyary widely usedstandardg$or searchengineinterfacedesign. The lack of
standardizationf boththeform of theinterfacesandtheir functionalitycanmalke metasearcmore
difficult. To formulatea valid web searchenginerequesbr to extractresultsfrom a searchengine
responsg@age ametasearcknginemusthave knowledgeof the specificinputandoutputinterface.
Changingnterfacescausesighermaintenanceostsfor ametasearckengine.

In additionto the maintenanceostsassociatedvith a changinginterface,the interfacediffer-
encegresentaproblemfor theresultprocessoandscoringmodule.Outputinterfacesmay provide
differentandoftenirreconcilablefields. For example,onesearchenginemay presentatitle, URL,
and a documentsummary while anotherprovides a title, URL, queryterm context and datelast
crawled. Theresultprocessomustbeableto extracteachfield, andwhenpossiblereconcilethem.
Two searchenginesgachpresentinga last changediate, may usedifferentformats,or two search
enginesmay both presenta “relevancescore”thatwascomputeddifferently The resultprocessor
may have mary differentfields for eachsearchengine. The scoringmodulemustbe ableto score

documentsappropriatehygiventhedifferencesn thedocumenimetadata.
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A fusionpolicy mayallow combinationof resultsfrom differentsearchengines.Section3.1.5
describedusion policiesin moredetail. If individual resultsareto be scored,it is necessaryhat
eachdocumento be scorechasappropriatanetadata.

Researcton wrapperscan allow for eachsearchengineto be representedy a stand-alone
pieceof codethatcanbe maintainedoy athird party allowing for morerapidresponséo interface
changes Apple’s Sherlockwill automaticallydownloadthe mostrecentparsingcodefrom Apple
eachtime Sherlockis started. It may also be possibleto generatenrappersfor a searchengine
automaticallyfurtherreducingthe maintenanceosts.

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 thereis 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 describingcollection contentsaswell asfor the input queriesto
them [Atkins etal., 1994.

Ourwork reduceghis problemthroughimprovementsn theresultprocessoandscoringmod-
ules. Downloadinga documenproducesa uniform setof attributesto enablescoring,independent
of whatfields werereturnedby a searchengine. The resultprocessqrusinga selectve dowvnload
module,will dowvnloadaresultif thereis not sufiicientinformationavailableto scoreit. Theresult
processowill alsoutilize knowledgeaboutthe searclengineto aid in thescoring.For example,re-
sultsfrom a searchenginethatspecializesn researclpapersareall assumedo beresearctpapers.
The scoringmoduleallows scoringof resultsthat were downloadedand have the full document
information,or resultsthatwerenot downloaded put have sufficient metadatdo scorethem.

Theapproacthof allowing smartdownloadingof resultsallows all resultsto bescoredyegardless
of the searchengine,andwhena searchenginehasa field the userdesiresthe resultsmight not
be downloadedfor a performanceboost. For example,a resultreturnedby a searchenginethat
providesa datemight be scoredwithout downloadif the userwassearchingor “currentevents.
However, a general-purpossearchenginethat did not provide a datecould still be used,but all

resultswould likely have to be downloaded.

3.8 Metasearch Engine Properties

Thesimplestmetasearcknginewill take a userqueryandsubmitit to multiple searchengines,

combiningtheresults. Therearemary featuresa metasearclenginecanutilize to improve effec-
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tivenessand performance.The first propertywe describeis source selection Sourceselectionis
the ability for a metasearckengineto determineat querytime which sourcedo queryto balance
resourceostswith theexpectedsearctbenefits A simplemetasearckngine suchasDogPile,may
alwaysquerythe samethreesourceswhile a moreadvancedtool suchasProFusiormay decideto
querya differentsetof threebasedon the expectedperformanceor expectedquality of resultsfor
the providedquery

A secondpropertyof a metasearclkengineis querymodification Querymodificationis usedto
enhancdhe quality of theresults.The Watsonprojectsubmitsuserqueriesbothto special-purpose
andto general-purpossearchenginesas appropriate. When queryinga generalpurposesearch
engine thequeriesaremodifiedto reflectthe users searclcontet. A usersearchingor webpages
aboutfirearmsin the contet of the early US history usinga queryof f i r ear m would probably
preferresultsrelatedto the creationof the Bill of Rightsor the useof firearmsin the Revolutionary
War of the US to arecentarticleaboutthe NRA. Thequeryf i r ear mwill containbothusefuland
not usefulresults,but the queryfi rear m US hi st ory may narrav the focus. Our research
focusenthreepropertiesaquerymodificationcanhave: Source-dependertatayory-specificand
non-olvious.

A third propertyof a metasearclengineis calledindependentesultscoring or the ability to
scorea resultindependenbf the setof alreadyfound results. Sherlockpresentgesultsbeforea
searchis completed.Whena new resultis found, the scoresof the alreadyreturnedresultsdo not
changelndependentesultscoringenableghe useof anincrementainterfacethatwill notchange

therelative rankingof alreadyreturnedresults.

3.8.1 SourceSelection

The primary advantageof a metasearclengineis a substantiaimprovementin coverageover
ary singlesearchengine.Thetotal coverageof a metasearckengineis relatedto the coveragesof
the individual searchenginesqueried. Onecould, therefore ,concludethatto maximizecoverage,
a metasearctkengineshouldqueryall possiblesearchenginesall of thetime. Although coverage
may be increasedy queryingmore searchengines,queryingis not free, andin somecasesnay
harmtheresultquality. Becausef thetemporl seach problemandlimited coopeation problem
thereis incentive to queryonly searclengineghatarelik ely to benefittheuser Queryingtoo mary
searclenginesanslow thesearctdown, andcausehesearchenginesdbeingqueriedto changeheir
attitude aswell asincreasehelocal network costsfor the metasearckngine.ln addition,querying
a searchenginethatdoesnotreturnary usefulresultswastedocal processingesourcegsndangers

theuser who maybe forcedto examinelarge numbersof undesirableesults.
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Figure 3.6 statesthat a searchenginemustdeterminea setof requestsfrom which the setof
resultsarederived. If a metasearclenginedoesnot querythe samesetof searchenginedor each
userquery it is saidto have the propertyof sourceselection. Sourceselectioncan be usedto
improve the precisionof the searchandlower the searchcostsby queryingonly “good” sources.

Several metasearclenginesperform sourceselection. Most metasearckenginesthat perform
sourceselectionexplicitly acknavledgetheresourcecostsin their publishedpapers.

The metasearclengineSavvySearchdetermineshe numberof searchenginesto querybased
on the currentsystemload. As the load increasesfewer searchenginesare queriedper user
search[Howe andDreilinger 1997. The Watson project automatically choosesthe most ap-
propriate special-purposesearchenginesbasedon the users searchcontet [Leake etal., 1999
BudzikandHammond,1999. SarvySearch 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-
dicted subjectof the query[Gauchetal.,1994. ProFusionalsoallows usersto specifythat only
the fastestsearchenginesbe queried,choosingsearchenginesbasedon expected(time) perfor
mancegGauchetal., 1994.

Sourceselectionrmayalsobe usedasa meansf varying sourcegjueriedto improve scalability
and reducethe chanceof a nggative attitude changeby a queriedsearchengine. A metasearch
enginethatquerieshesamehreegeneraburposesearctenginedor every querycanprocesgewer
simultaneousjuerieshana metasearcknginethatchooseshreerandomsearchenginedsrom aset
of onehundred.

Our work focuseson need-basedource selection Usersprovide a category in additionto
their subjectquery The specifiedcateyory is usedto selecta setof searchenginegandassociated
querymodifications)that areexpectedto provide the bestbalanceof precisionandrecall. Choos-
ing sourceshasedon users specifiedneedcanenablethe appropriateselectionof special-purpose
sourcesevenwhentheusers querymaybeambiguousCombiningthe selectionof the sourcesand
the selectionof query modificationscanallow useof general-purposeearchenginesfor special-
purposequeries. Sendinga vaguequeryto a general-purpossearchenginemay have very low
resultprecisionwhenthe userwaslooking for resultsof a specificcatgyory. Chapteré describes
the procedurausedby Inquirus?2 to learnthe searchenginequerymodificationpairs. The datafrom
ourlearningproceduralemonstratethatfor somecasesa simple,unmodifiedquerymayhave less

than2% precisionfor a specificcategyory whensentto a general-purposgearchengine.
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3.8.2 Query Modification

Querymaodificationis the processf alteringa users querywith theintentionof improving the
resultquality;, usuallyprecision.Most metasearclkenginegperformsyntacticquerymodification or
modifying the “symbols” without alteringthe “meaning” of the query to ensurethe target search
engineinterpretsit correctly In additionto syntacticmodification,thereare othertypesof query
modifications. First, we discusshow query modifications,otherthan syntacticmodifications,are
currentlyusedn metasearcknginesr relatedsystems Secondve definethreedimensionghatcan
beusedto comparequerymodifications:Sourcedependentzateory dependentandnon-olvious.

Whenformulatinga queryto asearchenginejt is essentiathatthequerybeconsistentvith the
publishedrulesfor the searchengine for examplerulesthatspecifyto puta“+” (plus)in front of
every “required” term, or to usetheterm“AND” to indicatethat seseraltermsarerequired.These
simple rulesrefer to the syntaxof the query; to modify the syntaxwithout altering the meaning
(semantics)the modificationis called a syntacticmodification Typically semanticor syntactic
modificationis performedby thedispatcherin therequestieneratosub-moduleasshavn in Figure
3.2.

In additionto syntacticmodification, queriesmay be modifiedin a way that alterstheir se-
mantics(meaning). Seseral basicmethodsare currentlyusedto producemodified queries. Some
systemswill make useof anontologyor thesauruso modify the querytermsto alterthe expected
numberandspecificityof theresults(the precisionrecallbalance) SomesystemsnayuseWordNet
to find relatedconceptermsto broaderor narrav the query or to generalizea concept.Question-
answeringsystemssuchasthe work of Agichtein usequery modificationsto improve the chance
thata searchengineresultanswerghe question [Agichtein etal., 200]. For examplethe original
query\When was George Washi ngton born? maybe modifiedto ‘ * Geor ge Wash-
ington’’ was bornor'' George Washington'' |ived.

Somework on queryreformulation,suchasthe work by Belkin, allows usersto chooseextra
wordsor featurego helpclarify theirinformationneed [Belkin, 200J. Queryreformulationis typ-
ically donein amulti-stepprocessandthefinal queryis amodification typically formedby adding
extrawordsor phrasesof the original presentedopical query Belkin describechow modifications
chosenby auserwerenot alwaysaseffective aslessobvious onesrecommendey the computer

ThemetasearckngineWatsonconsidersa users context whenformulatingqueriesto general-
purposesearchengines.Theusers working documenhelpsto clarify theusers subjectareawhich
is usedto modify thequery [Budzik etal., 200Q.

We definethreepropertieof querymodificationghatrelateto the ability to locateusefuldocu-

ments:
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Source specific Sourcespecificdescribesiow mucha particularquerymaodificationtakesad-
vantageof specificfeaturesor knovledgeof the sourceto which it is applied. For example,know-
ing a searchengineallows stemmingcan be usedto improve query modificationsto that search
engine. Likewise, somesearchenginesallow querieson specificfeaturessuchastitle or URL.
Sourcespecificquerymodificationscanbe more effective at finding on-catgory documentgrom
a general-purpossearchengine. Chapter6 describesour procedurefor learningsource-specific
querymodifications,which demonstratea wide variation of the effectivenessof query modifica-
tions acrossdifferentsearchengines. The level of specificityis a function of the knowledgeand
featureautilized.

Category specific Catayory specificrefersto theability for aquerymodificationto find results
that are of a specificcatayory. The level of category specificity canbe determinedasa function
of the precisionof the returnedresults. A catayory-specificquerymaodificationcantake adwvantage
of anunderlyinguserneedby focusingon the “category” ratherthanthe subjectof the query For
a given cateyory thereis a reasonablelomain of input queries. For examplefor a cateory of
“researchpaperauthorsthe gueryinput domainwould be authornames A goodcatayory-specific
querymodificationshouldperformequallywell for any querywithin thisdomain.Theeffectiveness
of catgyory-specifiquerymodificationscanbemeasuredbasecdnthe precisionof returnedresults.
It is alsodesirablgo considerecallandconsisteng acrosgjueries.

Non-ohvious: Query maodificationsmay not always make senseto a human. Non-ohvious
query modificationsare thosethat do not male senseto the uninformed,and or are unlikely to
be guessedsbeingeffective. An exampleof a non-olvious querymodificationcould berequiring
the title to containthe phrase‘s home” whentrying to find personalhomepages.Although this
query modificationmight make senseto somepeople,it is unlikely to be guessedandin general
demonstratesery high precision(in the areaof personalhomepages).Chapter6 describesour
procedurefor learningquery modifications. For the cateyory of productreviews, the top ranked
query modificationfor the searchengineof AllTheWeb, wasaddingr evi ews t. The addition
of “reviews” makes senseput addingof “t” is clearly non-olvious, andwould be unlikely to be
guessedby ahuman.

Query modificationsusedby Inquirus 2 were learnedusing QMLP as describedn Chapter
6. QMLP is designedo take adwantageof knowledgeandsomefunctionsspecificto eachsearch
engine.Thelearnedquery modificationsare alsooptimizedfor the given cateyory, andsincethey
arelearnedcanbe non-olvious. Chapter5 describeghe effectivenessof the query modifications

usedby Inquirus2.
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Figure3.7: A flow chartdiagramof aninterfacethat processesll the resultsbeforedisplayingthe sorted,

scoredist

Figure 3.8: A flow chartdiagramof aninterfacethatdisplaysscoredresultsassoonasthey areprocessed,

assuminghe propertyof independentesultscoring

3.8.3 Incrementallnterface

Oneof the problemsfacedby a metasearckengineis the tempoal seach problem described
in Section3.5. A metasearclkenginemay be requiredto wait secondspr even minutes,beforea
searclcanbecompleted Theoverall utility of asearchmaybereducedasthetime for thesearcho
produceresultsis increasedOneapproacho reducingthe effectsof thisis theuseof aincremental
interface. Although the total searchtime may not be reduced ,the time until a userseesuseful
results the perceved searchtime, maybereduced.

Apple’s Sherlock andinquirus [LawrenceandGiles, 19984 bothlist resultsasthey arefound.
Sherlockwill insertresultsinto the correctpositionbasedon score. Inquiruswill list resultswith
contet, regardlesof final rank, until it hasprocesse@noughresults afterwhichit producesafull

ranking.
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3.8.4 Independentresultscoring

The propertyof independentesultscoringis thatthe scoreof ary resultcanbe computedn-
dependentlyof all otherresults. A metasearctenginethat considerdink structureor statistical
informationabouttheretrieved setcannotscoreresultsindependentlyHowever, usingproxy infor-
mationthatdoesnot changeasnew resultsarefound may permitindependentesultscoring.

Independentesultscoringenablesanincrementalnterface.Figure3.8 shavs abasicflow chart
of anincrementainterfacewhich takesadwantageof independentesultscoring. Figure 3.7 shavs
aflow chartof atypical interface,whereresultsare scoredafter they areall processedA system
with independentesultscoringdoesnot needto have anincrementalnterface,it only requiresthat

scoresbe computedndependenthpf the otherresults(bothalreadyseenandnotyet seen).
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CHAPTER 4

Preference-BasedMetasearch

A preference-basemhetasearctengineis a metasearctenginethat incorporatesexplicit user
preferences.Explicit preferencesre usedto improve the ability to find useful documentsand
improve performance.

Threewaysto utilize explicit userpreferences apreference-basadetasearckngine:
e Improve theability for ametasearckengineto locateusefuldocuments

e Improve theability for ametasearckngineto identifya documentsuseful

o Improve performancéy reducingsearcHateny andloweringresourcecosts

This Chapterpresentdnquirus 2, our preference-basethetasearckengine. Inquirus 2 imple-
mentsarchitecturaimprovementsto eachcomponenof the standardnetasearclenginearchitec-
ture, reducingsearchcostsandperceved lateng, improving the ability to locateusefuldocuments

andimproving theability to identify adocumentsuseful.

Sub-component | Impr ovements

Userinterface Input interfaceprovidesan option for a searchcategory and outputinterfaceis incre-
mental
Dispatcher Need-basedourceselectionandsourcespecific,cataory-specifiqquerymodification

ResultProcessor | Intelligentselectve resultdownload

Scoringmodule | Need-basedcoring

Table4.1: Inquirus2 architecturalmprovements

Inquirus 2, an extension of the architecture of Inquirus [LawrenceandGiles,1998a
LawrenceandGiles, 19994, is a content-basegreference-basemhetasearclengine. A userof

Inquirus2 describeghetopic or subject,via atopical query andspecifiespreferencesn theform
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Figure4.1: Theimprovedresultprocessonf Inquirus.

of acategyory, to aid in locatingandinterpretingresults.Similar to Inquirus,Inquirus2 performsin-
formationgatheringactionsin theform of dowvnloadingresults.Unlike Inquirus,Inquirus2 chooses
sourcesandquerymaodificationgo improve theprecisionof theresults andutilizesamoreadwanced

incrementainterfaceto reducepercevedlateng.

4.1 Inquirus

Themetasearcknginelnquiruspresentseveralimprovementsover a standardnetasearcken-
gine. Inquirusis a content-basedhetasearckenginesinceit utilizes full documentcontentswhen
makingbothscoringanduserinterfacedecisions Full documentontentsareobtainedthroughthe
relatively expensie informationgatheringactionof dowvnloadingall results.

The main architecturaimprovementsof Inquirusover a regular metasearclengineareto the
resultprocessar Figure 3.3 shavs a sampleresultprocessoffor a typical metasearclkengine. In
a typical result processqrresponsegrom the searchenginesare processedthen eachresultis
extractedandsentto thescoringmodule.Figure4.1 shavs theresultprocessousedby Inquirus.In
theresultprocessoof Inquirus,pagesassociateavith the URLs extractedfrom theresultsreturned
by eachsearchenginearedowvnloadedandanalyzed.Individual summaryinformationprovided by

the searchengineds notdirectly consideredy Inquiruswhenscoringresults.

4.1.1 Inquirus ResultProcessor

The Inquirusresult processol(Figure 4.1), asin the result processonf a regular metasearch

engine Figure3.3,takesasinputwebpagesandoutputsresultswith theirassociatedttributes. The
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differencesie in boththedetailof theattributesfor eachresultandthespecificactionstaken. Details
of theimplementatiorof the architectureof Inquiruscanbefoundin [LawrenceandGiles,1998a
LawrenceandGiles, 19994.

Therearefive sub-componentsf thelnquirusresultprocessor:

Pageretriever: All responsedrom the web are processedy the pageretriever. The page
retriever mustassociatery informationwith the requestedJRL, aswell asensurethatthe pages
areproperlydovnloaded;.e. no errors.Eachrequesteghagemay have someassociatednetadata,
suchasthetime or natureof therequestthe sourcesearchenginethatreturnedheresult,etc. Also,
recevedpagegnayhave errors,suchaspage hasmoved Sucherrorsrequirespecificactionsby the
pageretriever.

PageRouter: For atypicalmetasearckngine all webpageseturnedareresponsefom search
engines.However, for Inquirus,a web pagereturnedcould be eithera searchengineresponser
a web pagethat was requestedor download. Basedon the URL andinformationfrom the page
retriever, the routerdetermineghe modulethat processes particularpage. If a pageis a search
engineresponseandnotanerror, it is sentto theresultextractorfor processinglf it is aresponse
of a download request,it is sentto the pageprocessoiso the necessangatafor scoringcanbe
extracted.

Result Extractor: Similar to the resultextractorof a typical metasearclengine,asshavn in
Figure 3.3, the resultextractorextractsthe individual resultsfrom a searchengineresponse.The
resultextractorfor Inquirusdoesnot needto extractsearchengineresultsummariespnly the URLS.
Theresultextractorof Inquirusalsoextractsthe URL for the “next” searchresults,to be usedto
requestmore resultsfrom the searchengine. For eachresultextracted,andthe “next” URL (as
needed)a requests sentto the requestsubmitterto be queuedor download. The resultextractor
keepstrack of alreadyrequestedJRLs to prevent duplicaterequestsand storesbasicinformation
abouteachresultURL, suchasthe sourcesearchengine for displayandanalysispurposes.

Althoughnot explicitly shavn, Inquirusutilizes a specializedcache. The cacheperformstwo
purposesfirst, web cachingis usedsothat URLs in the cache(andconsidereduficiently recent)
do not needto be downloaded.Second]nquiruscachesspecificresultsfor specificqueryterms.A
duplicatequerymayjump directly to alreadyknown resultscontainingthe provided query

Requestsubmitter: Eachresultreturnedfrom a searchenginemay be queuedfor download.
The requestsubmittermanageshe procesof requestindJRLS, eitherpagesfor download, or re-
questsfor moreresultsfrom a searchengine,generatedy the resultprocessdr. Sincethis could

potentially meanhundredsof URLSs requestedit is hecessaryo performbasicprioritization and

Thedispatcherlsohasa resultsubmitterwhich manage®riginal web searchenginerequests.
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resourcemanagementln the sameway a cravler mustnot overwhelmindividual web seners,the
requestsubmittermustbalancethe resourcesutilized andthe expectedburdenfor ary givenweb
sener.

PageProcessor Inquirusdownloadseachresult. Theseresultsmustbe processedbeforethey

canbescored.The pageprocessoperformsseveraltasks:

o Examineghelocationof userquerytermsfor relevanceprediction

Generategjuerycontext summariedor laterdisplayby the outputuserinterface

ExtractsURLSs on pagefor analysisof possiblehubsandauthoritiesusinga modifiedKlein-

beig algorithm

Considercommonphrase®r otherfeaturedo be usedfor alternateermrecommendation

Performsappropriatdogging andstatisticalanalysis

Sincelnquirus computegopical relevancelocally, it mustanalyzethe locationandfrequeng
of eachqueryterm in eachresult. The actualfunction usedfor result scoringis describedin
[LawrenceandGiles, 19984 andis similar to the topical relevancefunction usedby Inquirus 2.
Section4.1.2describeghe scoringmoduleof Inquirusin moredetail. To presere the propertyof
independentesultscoring,the pageprocessoof Inquirus2 did notimplementall of the functions
of thelnquiruspageprocessor

Downloadingeachdocumenprovidestheability to generatéhesummaryinformationprovided
by the outputuserinterface. Inquirusdisplaysquery contet informationto allow usersto better
predictif apresentedesultwill beusefulor not. The pageprocessos secondaskis to extractthe
querycontext for displayby the outputuserinterface.

The pageprocessorlsoextractsall URLs. Many searchenginesconsiderweb link structure
whenrankingpagedBrin andPage,1999. In addition,considerindocallink structuremaybeuse-
ful whentrying to identify hubsor authoritiegKleinberg, 1999. Inquirususesa slightly modified
hub authorityalgorithmthat utilizes only the URLSs found from the resultsreturnedby the search
enginegLawrenceandGiles,1999. This algorithmmay discover authoritiesthatwerenever re-

turnedby the searchengineshut werelinked to by mary results.

4.1.2 Inquirus Scoring Module

The scoringmoduleof Inquirusis responsibldor computinga relevancescorefor eachresult.

Equation4.1 shaws the scoringequationused. To predicttopical relevance, Inquirus considers
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threefactors: The percentag®f querytermsthatoccur the relative proximity of the queryterms
to eachother andthe total numberof occurrencesA documentmissinga querytermis likely not
astopically relevant asonethat containsthemall. A documentwherethe querytermsoccurasa
phraseijn closeproximity is likely moretopically relevantwherethe querytermsoccurfar apart.A
documenthatmentionsthe querytermsmary timesis likely moretopically relevantthanonethat
mentionsthe querytermsonly once.Equationd.1 balanceghesethreefactorswith theweights 1,
2,and 3. is thenumberof querytermsthatoccurarywherein thedocument, isthenumber
of timesthe querytermsoccur The proximity is computedusinga distancemetric betweeneach
queryterm. Inquirususedvaluesof 5000,100and1 for |, o, and 3 respectiely. Theseweights
producean orderingwherethe the word proximity andqueryterm occurrencesictastie brealers

for documentswvith the samepercentagesf the queryterms.

— (4.1)

Althoughtherelevancescorescanbe computedndependentlylnquirusdoesnot utilize anin-
crementalinterface that preseres relative resultrank. However, Inquirus doesreturnresultsas
found, with context information, but without a score. The incrementainterface of Inquirusboth
provides feedbackthat the systemis working and allow usersto click on resultsprior to search
completion.Queryterm contet helpsa userto determindf aresultis likely to be usefulfor their
needgLawrence,200(Q. In additionto computinga relevancescore Inquiruscomputesanapprox-
imation of the hub and authority scoreby utilizing the link structurefrom the setof all retrieved
results. It is possibleto returna pagethatis anauthoritybut whoseURL wasnot returnedby ary
of the queriedsearchengines pecausenary pagescontainlinks to the URL. The computationof
hubsandauthoritiescannotbe computedndependentlysinceeachdocumenfoundcanchangehe

scoref otherURLSs.

4.1.3 Content-BasedMetasearch

Inquirusis a content-basethetasearckngine.Content-basethetasearchasmary adwvantages
anddisadwantagesvhencomparedo a metasearcknginethatis not content-based.

Advantageof content-basedhetasearclas comparedo a metasearctkengineusinga fusion

policy:

¢ Reducedimited-informationproblem;cantheoreticallyimprove ability to predictusefulness

by utilizing thefull HTML of eachresult;
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e Hasaccesdo alimited view of the web structure;canbe utilized to locateotherresults,as

well asprovide partialhubor authorityinformation;

e Guaranteemostrecentversionof eachresultis utilized, significantlyreducingseveralaspects

of thecoherencgroblem;and,
e Canutilize full pagetext for improveddisplayof results.

Disadwantagesf content-basednetasearclas comparedo metasearclenginesthat utilize a

fusionpolicy:
e Significantlyworsengemporalsearchproblem,assearchtime is increasediramatically
e Significantlyincreasesesourcaequirementsieducingscalability

Content-basethetasearchngineperforminformation-gatheringctionsto permitthemto uti-
lize anorderingpolicy asopposedo fusingresults.Unfortunatelythetypicalinformation-gathering
action,downloadingaresult,canbevery expensve, severelylimiting the scalability

The scalability of a metasearclkengineis fundamentallylimited by the available resourceof
thesearclenginest queries.Downloadingof every resultemphasizethelocal network throughput
limits. A web searchenginetypically hasa wide inbound network pipe allowing thousandsof
simultaneousequestsa low-capacityweb sener may only be ableto handlea few requestsat a
time, limiting the ability for dowvnload. Paralleldownloadmightnotbereasonablé severalresults
resideon thesamewebsener.

Oneapproacho reducingtemporalandotherresourcecostsfor downloadingresultsis the use
of awebcache.Inquirusandinquirus2 bothutilize web cachedor this purpose.The performance
gainof awebcachdas dependenbnthespecificrequestsnade.A systenthatmakesmary requests,
oftenfor the samepageswill benefitmost. A systemthatis usedinfrequently or thatrarely has
a duplicaterequestwill benefitvery little. Web cachesmust handlepageswhosecontentsmay
change Mary sitesinstructweb clients(or caches}o not cachetheir pagessincetheir contentsare
frequentlyupdated.As aresult,suchpageamay not offer ary resourcesarings whena web cache

is used.In thelimit, awebcacheapproachethe contentof a searctenginedatabase.

4.2 Inquirus 2 Architecture

Inquirus2 is anextensionto the architectureof Inquirus. Eachsub-componenf the architec-
ture of a metasearctengineis improved asdescribedn Table4.1. Eachof theseimprovements

directly relatesto oneor moreof the problemsdescribedn Chapter3.
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Inquirus2 providesseveralimprovementsover agenericmetasearckngineanda content-based
metasearctengine. Inquirus 2 explicitly considersextra-topicaluserpreferenceshroughoutthe
searchprocessto improve the ability to locate and identify useful results. Inquirus 2 also uses
selectve download to reducesignificantly the numberof documentsdownloaded,reducingtime
andnetwork costs. To reduceperceved lateng, scoredresultsaredisplayedwhenthey arefound
usinganincrementalinterface.

In thenext severalsectionswe describehedetailsof thearchitecturef Inquirus2. Thespecific
implementatiordetailsaredescribedn 4.3. Userpreferencesffect the selectionof searchengines
andthewaythey arequeried aswell ashow resultsarescoredpreakingthe“one-size-fits-all’mold.
Two userswith the samequery but different (extra-topical) preferencesmight searchdifferent

sourcesyith different(modified)searctenginerequestsandresultswould be scoreddifferently

4.2.1 UserlInterface

The userinterface of Inquirus 2 hastwo major improvementsover the interface of a typical
metasearckengine. First, the input interfacemakes preferencegxplicit in the form of a cateory.
Secondthe outputinterfaceis incrementalj.e., asresultsarefoundthey arescoredanddisplayed
immediately

Input userinterface

Theinputuserinterfaceof Inquirus2 requiresusersto provide a catayory for their query Our
interface was designedto make extra-topical catgyory information explicit, althoughit is likely
that a betterinput interfacecould be developed. Figure 4.2 showvs the simple versionof the input
interface. A userentersa query(topical) andthenchooseserdesiredcateyory from the presented
options(therearecurrentlyeightdefault catgyories).Our interfaceis “single-click” in thata single
click chooseghe catgyory andbeginsthesearch.

Theexplicit catgyory selectiorhelpsto clarify theuserquery providing moreinformationabout
herinformationneecdthanaqueryalone.Thisinformationis utilizedto chooseghesourcesandquery
modifications aswell asto selecttheresultscoringfunction.

For oursimpleinterface we providedeightdefault cateyoriesfrom whichtheusercouldchoose.
Any authenticatedisercanmodify the catejorieslisted on hersimpleinterface. Table4.2 provides
a list of the eight default cateyoriesandtheir description. This interface makesit easyto utilize
a smalllist of cateyories,but it is unlikely that this type of interfacewould scaleto thousandof
catgories.

In the simpleinterface,besidesnteringa queryandchoosinga cateyory, a userhastwo other

options. A usercanspecifythe numberof resultsthe systemprocessedyetweenl0 and500, and
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Figure4.2: The Simplelnput Interfaceof Inquirus2

canspecifythetype of outputinterface,Java, Javascript,or plain HTML.

Theadwancednterfaceaddsseveral catgjoriesandoptionsfor theuser Table4.3describeshe
availableadwancednterfaceoptionsandtheir description.

For both the simple andthe adwancedinterfaces,the list of possiblecateoriesis determined
runtime. Prior to the userstudy Inquirus2 provided userswith the ability to log in andcustomize
their personalinterface. Any usercould easily choosewhich categoriesto display andwhat text
wason eachbutton. Inquirus 2 supportsthe ability for individual usersto have differentpersonal
cateyories. At the time of this writing, it did not supportthe ability for externalusersto create
customcateories,eventhoughthe procesdasbeenautomatedasdescribedn Chapter6.

Output userinterface

To reducethe perceved searchateng, andto improve the ability for usersto identify a result
asuseful,Inquirus?2 utilizesanincrementabutputinterfaceandquery-termcontext. As resultsare
scoredby the system they areimmediatelysentto the interfacefor display Eachresultprovidesa
score title, URL, andquery-termcontet. Thescoreis basedn boththeuserqueryandthechosen
preferencecategory. Query-termcontet provides usersextra information abouthow particular
querytermsareusedin eachdocumentallowing a userto predictmore accuratelyif a document
is likely to be usefulfor her needs.To improve compatibility Inquirus2 supportsthreedifferent
incrementalinterfaces. The Java-basedncrementalinterfaceis the most powerful, but may not
operateon all browsers.The Javascript-basethcrementainterfaceonly allows the top four results
to bedisplayed.TheHTML 1.0-complianinterfacewill work onall browsers but doesnotre-order
listedresultsbeforethe searcthascompleted.

Java interface

Figure4.3 shawvs a screenshotof the Java incrementalnterfacefor a searchin progress.The
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Name Description

Topicalrelevance This catayory is a default category whennoneof the otherswork; only the queryis consid-

ered

Personahomepages| A useris searchindor eithersomeones homepagegr a persons homepagebouta subject

ResearcliPapers Queryis treatedaseitheraresearcipapersubjector anauthorsname

ProductReviews Pagesthat are reviews, intendedfor hardware or software products,but alsodesignedo
work for movies, musicor ary otherreview page

GuideFAQ how to Pagesthatare guidesabouta topic, a FAQ abouta topic, or a general'how to” document

aboutatopic

Callsfor Papers Pagesarethe actualCFPfor a conferencemeeting,or workshop.Pageswhich simply list
mary CFPsby namearenot counted.Dateis notconsideredn this cateyory

Genealogy Pagegelatedto genealogysuchasfamily trees,informationonimmigration,pageselated

to locatinginformationabouta personseritageor history

ergonomics Pagesrelatedto ergonomicproducts,or RSl andrelatedconditionsaswell asgeneralRSI

andrelatedinformation

Table4.2: Categoriesfrom Inquirus2 simpleinterface

listedresultsarealwaysin sortedorder with new resultsinsertedasappropriate A usercanclick on
ary resultandview theresultanivebpagein anew window to preventinterferencewith therunning
search. The interfaceretainsthe statusof eachresultand setsthe color accordingly: unclicked
resultsareblue, clicked resultsareblack,andthe currentlyselectedesultis red. A usercanscroll
up or down in thelist of resultsto seeary block of tenresults. As new resultsarefound, the set
of resultsin ary givenrange,say 11-20,canchange.The Java interfacealso supportsthe ability
for usersto changescoringcriteriawhile the searchs runningby clicking onthe “Sort +” button.

Section4.3.1describeshe designof theappletandinterfacearchitecturén moredetail.

Option Description

Hits Thenumberof resultsthe systemwill process10- 500

Display Choiceof displayquerytermcontet, summariesor justthe URLs

Displaynum Thenumberof character®f querycontext: 50— 200

Tracking Enableor disableresultclick tracking

Java Chooseheformatof the outputinterface,eitherJava, Javascript,Firewall,
or standardHTML

Category This optionallows the userto specifythe desiredsearchcatejory

Table4.3: Inquirus2 adwancednterfaceoptions
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Figure4.3: IncrementalAVA interfaceof Inquirus?2

Figure4.4: Incrementalavascriptinterfaceof Inquirus2

Javascript output interface

Sincesomeuserscannotor do not wish to enableJava, we createda Javascriptversionof the
incrementainterface.Figure4.4shavsthe Javascriptincrementalnterface.LiketheJavainterface,
the resultsare always kept in sortedorder Unlike the Java interface, thereare no useroptions,
andonly the top four resultsare displayed. The Java interface operatesnside the main browvser
window; the Javascriptinterfaceoperatessits own window, updateceachtime thereis a changeo
the currentsetof top four results.

Section4.3.1describeghe designandimplementatiorof the Javascript-baseihcrementaln-
terfacein moredetail.

HTML 1.0incrementalinterface

To improve compatibilityandto provide userswith systenfeedbackthemainsearchpageuses
an HTML 1.0 compliantincrementalinterface. This interface may be usedin conjunctionwith

eitherthe Java or Javascriptinterface. Dueto limitationsin HTML 1.0, it is not possibleto change
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contentalreadydisplayed. The Java and Javascriptincrementalinterfaceswill always keepthe
resultsin correctsortedorder; however, the HTML interfacedoesnot resortprintedresultswhile
the searchs running,but only printsthosescoringover a giventhreshold.

Wheneachresultis processedf the scoreis above the minimumthreshold the summaryand
scorearedisplayedimmediately If the scoreis lessthanthe threshold theneitherthe top scoring
resultfound sofar (lessthanthe threshold).or a text messagéndicatingprogressis printedabout
onceevery five seconds.This policy ensureghat usersare provided feedbackasthe searchpro-
gressesandguaranteethata userwill never have to wait morethanfive secondgo seethe “best
sofar” result.If asearchindsmary high-scoringresults the userwill have mary resultsto choose
from beforethe searchcompletes.

At theendof thesearchthe mainsearchpagealwaysreturnsthetop 100resultsin sortedorder

4.2.2 Dispatcher

The dispatcherof Inquirus 2 (Figure 4.5) provides two primary improvementsover the dis-
patcherof a regular metasearckengine. The dispatcherf Inquirus 2 utilizes need-basedource
selectioncombinedwith cateyory-specific,source-specifiqquery modifications. The combination
of thesetwo optionsreduceghe effectsof thewebsearcthorizonby increasingheprecisionof the
resultsallowing Inquirus?2 to askfor fewerresultsfor eachsearctenginerequestSourceselection,
althoughnot usedfor this purposein Inquirus2, canbe utilized to reducethe chancethata search
enginewill becomehostile,asdescribedn the limited cooperatiorproblem. Choosingdifferent
sourcedor eachsearchreduceshe queryload to individual searchengines. This alsoimproves
scalabilityof ametasearckngine.

Inquirus 2 allows selectionof both special-purposandgeneral-purpossearchenginesasap-
propriatefor the users need.The combinationof the decisionf sourceselectionandquerymodi-
ficationinto a singledecisionallows for morethanonequeryto be madeto a singlesearchengine.
The besttwo searchenginerequestanay be to the samesearchengine,but with differentquery
modifications.lt mayalsobethecasethatfor a certainquery ageneral-purposgearchenginewith
amodificationmay performbetterthana special-purposesearcrengine.

Sectiond.3.2describesheimplementatiorof the dispatchein moredetail.

4.2.3 ResultProcessor

Theresultprocessoof Inquirus2 (Figure4.6)is anextensionof theresultprocessoof Inquirus
(Figure 4.1). To improve performancea selectve download moduleis added. Inquirus 2, like

Inquirus, hasthe ability to downloadresultsto provide moreinformation,improving its ability to
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Figure4.6: TheResultProcessoof Inquirus2

predictusefulnessinquirus2 improvesperformanceandreducessearcHateng, by choosingnot
to downloadresultsthatcanbe scoredwithout download.

Selectve downloadreduceghe effectsof thelimited informationproblem,thetemporalsearch
problem,andthe multiple interfacesproblem. Eventhougha searchenginemight not provide full
documentext, in somecaseghetitle, URL, andsummaryaresuficient for scoring. Downloading
resultsonly whennecessargllows useof theinformationprovided, whenit is suficient. Whenthe
informationis not suficient, downloadingprovidesa methodfor obtainingthe necessarynforma-
tion. To reducethe effectsof thetemporalsearchproblem,scoringsomeresultswithout download
significantlyreducegheresourcecosts andwhencombinedwith theincrementalnterface,reduces
percevedlateny. Theselectve dovnloadmoduleconsiderghe specificscoringfunctionfor each
search.Whena special-purpossearchengineis used,the specificfields provided may be useful,
suchasa news specificsite providing a date. The ability to utilize thefields providedwhenneeded

reduceghe effectsof the multiple interfacesproblem.
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Figure 4.3.3shows the detailsof the implementatiornof the selectve download module. The
goal of the selectve download moduleis to determineif thereis suflicient informationto scorea
givenresultaccuratelybasedonly onthe summaryinformation(title, URL, etc...) returnedby the
searchengine.If yes,thentheresultis sentdirectly to the scoringmodulefor scoring;if no, then
theresultis queuedor dowvnloadto obtainvaluesfor the neededattributes. Certainattributes,such
asthe numberof links on a page,arenever known (asreportedby the currentoutputinterfacesof
the searchenginesqueried),andif requiredfor scoringwould alwaysrequirea dowvnload. Other
attributes,suchasnumberof wordsin thetitle, orif aparticularquerytermisin theURL, arealways
known from the summariegassuminghe summariesrebelievedto beaccurate) Someattributes,
suchasthe predictedtopical relevanceor the predictedscorefor a cateyory classifier may not be
known exactly, but canbe guessedvith somedegreeof certainty The level of certaintycanbe
consideredvhenqueuinga resultfor download. Although not implementedn the currentversion
of Inquirus 2, it would be very easyto reducethe requiredcertaintyrequirementsf systemload
werehigh, reducingthe numberof resultsdovnloaded.Lik ewise, if the systemoadwerelow, and
theuserwerevery patient,thenmorecertaintycouldberequired causingnoreaccurateredictions
but moreresultdownloads.

Ofthel1,27%otal documentprocesseduringtheuserstudy 1844or aboutl6%of themwere
scoredwithoutdownload. Thedesignof theselectve dovnloadis suchthatdocumentselectedot
to be downloadedare always classifiedas positive and predictedastopically relevant, implying a
very high score. Of the documentausersjudgedas “highly useful” in our userstudy 29% were
foundwithout download. The userstudy Chapters, describeghe experimentsandresultsin more

detail.

4.2.4 ScoringModule

Inquirus 2 improvesthe ability to identify usefulresultsby consideringthe users needwhen
scoringresults. Need-basedcoringis the ability for a metasearctengineto choosethe scoring
functionsbasedon the users information need,as opposedo consideringonly the users query
The scoringmoduleof Inquirus2 providesindependentesultscoring,which is combinedwith an
incrementainterfaceandselectve downloadto reducethe effectsof thetemporalsearchproblem.
The scoringmoduleof Inquirus2 alsoallows useof meta-attrilites, wherethe specificattributes
useddependon the searchenginequeried. For example,a differentresearctpaperclassifiercan
be appliedto resultsfrom Googlethanto resultsfrom aresearctpaperspecificsearchenginesuch
as CiteSeer The useof meta-attrilntesreduceshe effects of the multiple interfacesproblemby

allowing a scoreto be computedirom the attributesavailablefor eachsearchengine,eventhough
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Scripts Description

Main searclscript Themainscriptwhich performsthesearch

Loggingscripts Userclicks areloggedthroughalogging CGl script
Userstudyscripts Scriptsto supportthe voting for results

Userauthentication Scriptsto supportauthenticatiorandaccountmanagement
Usercustomization Scriptsto allow the userto controlandcustomizetheir interface

Table4.4: Typesof CGI scriptsusedfor Inquirus2

the attributesavailablemay be different.

Scoringof adocumentanbebasednary of theattributeslinquirus2 cancompute.n addition,
the scoringmodule allows use of arbitrary pageclassifiers,providing a nearly infinite array of
attributesdeterminedat run-time. Any usercanuseherown scoringfunctionsasdesired.Chapter6
describesheproceduresisedto learnnew preferenceateyoriesandtheassociategageclassifiers.

The scoringmoduleof Inquirus 2 provides several optionsfor improved performance.There
are dozensof attributesand a virtually infinite array of classifiersthat could be usedto scorea
document. The scoringmoduleis designedo load only the codethatis needed.A searchthat
scoresdocumentdasedon a researctpaperclassifierandtopical relevancewill notloadthe page
classifierfor personalhomepages.The designis modularand allows for easyaddition of new
attributesand new scoringfunctions (preferencecatayories). The implementationof the scoring

modulefor Inquirus2 is describedn detailin 4.3.4.

4.3 Implementation

Inquirus2 is implementedasapproximately20,000lines of PERL CGl scriptsandassociated
libraries. The basiclibrariesto download web pageswere basedon freely available sources.To
improve performanceof Inquirus2, a SQUID web cachewasused.Eacharchitecturacomponent
was implementedo facilitate easyincorporationof new optionsandfunctions,andto allow the
specificfeaturedo beusedby otherprojectsat NEC.

The overall projectimplementedive classeof CGI scripts. Table4.4 describesachclassof
scripts.Themainsearctscriptimplementedhe moduleghatdefinethe Inquirus2 architectureand

theremainingfour classe®f scriptsfacilitateduseandstudyof the system.
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4.3.1 UserInterface

Theinputuserinterfacefor Inquirus2 is asimpleHTML webpage generatedhroughthemain
CGl script. The specificcatgorieslisted and the associatedptionsare determinedat run-time
basedon the optionsfiles associateavith theindividual userandthe entiresearchsystem.Authen-
ticateduserscaneasilyedittheir optionson the maininterfacevia anassociatedustomizatiorCGl
script. Currentlyary authenticatedisercanchangehe categyory buttons. Buttonscanbe remorved,
or new buttonscorrespondingo a differentcatggory canbe added.The text on the buttonscanbe
editedasdesired. The heading,title, and a few other optionsof the input userinterface,canbe
alteredby modifying the configurationfile. Inquirus2 canberunin “single-preferencemodeby
specifyingthedefault preferenceandby providing anew title andoptionschoices-all by changing
afew linesin the mainconfiguratiorfile. The customizationCGlI scriptsoperateby modifying the
associate@onfiguratiorfiles.

Therearethreedifferentoutputuserinterfaceoptionsfor Inquirus2. The default interfaceis
Java-basedandis supportedhroughaddition of specialfunctionalitiesto the main userinterface
code. The Javascript-basednd HTML-basedinterfaceswere implementedthroughthe regular
interfacelibrariesandwerewritten entirelyin PERL.

TheHTML 1.0interfaceis implementedy examiningevery resultprocessednddetermining
if the results scoreis eitherabove the specifiedthreshold,or is the highestscoringso far (if no
resultsover thethresholdhave beenfound). All resultsscoringover thethresholdareimmediately
printed. If nooutputhasoccurredfor five secondsthenthe systemprintsthe highestscoringsofar
or amessagéndicatingsearchprogress.

The Javascript-basediser interface sendsseveral Javascript functionsto the output HTML
stream. Thesefunctions,when called, setthe resultin a given rank position, one throughfour,
and pushthe remainingresultsdown by one,followed by a re-renderof the outputwindow. The
sener keepstrack of the currenttop four results,andif a changeoccursto thetop four, the sener
sendsthe appropriateJavascriptfunction call to the outputHTML stream. From the users per
spectve, every time a new high-scoringresultis found, the Javascript-baseéhcrementainterface
window getsredravn, rankingthis new resultaccordingly

The Java-basedncrementalinterface is more complicatedand requiredcreationof a multi-
threadedlava applet. The applethastwo threads,onefor the network andreceiptof resultsfrom
the sener, andonefor display Resultsaresentasynchronouslyrom the sener, andmustbe pro-
cessedmmediately Theappletmustalsorespondo external(andinternal)redrav eventsrequiring
separatehreaddor the interfaceandthe network. Whenaresultis receved, the datais storedand

the new itemis insertedinto the correctrank position. Eachresulthasfields of: title, displayURL,

63



click URL, summaryandscorearray A resultcanhave multiple scoresandthe usercanchange
which scoreis usedasthe sortkey by clicking onthe“sort +” button.

Eachresulthasan associatedtatus:seenor unseen.Thereis alsoa currently selectedesult.
Thecurrentlyselectedesultis coloredred,all seerresultsarecoloredblack,andunseerresultsare
coloredblue.

To facilitate quick redrav and easyinsertion,a modified binary tree structurewasused. The
genericbalancedinary tree structurewas modifiedto includea “next sort” anda “previous sort”
pointer Given ary result, the next sortedresultcanbe found in constanttime. The extra fields
allowedfor constantimeto renderary block of tenresults regardlesf thetotalnumberof results.
The balancedinary tree structureensuredhat new resultswereinsertedin ~ (n) time. Special
precautionsveretakento preventthereceving threadfrom modifying thepointersfor anitematthe
sametime the displaythreadwasscanningor the next result,causingthe possibility of a runtime
error

The Java appletsupportswo communicatiormethods: TCP soclets,andHTTP. If the applet
is using HTTP to connect,thenthe CGI script doesnot sendarything otherthanthe raw applet
data. The normalmode, TCP soclet-basedis preferredsincethe sener canbothsendHTML data
to the user providing moreinformationanda betterinterface,and sendthe raw resultdatato the
applet. The CGI scriptallows for the appletto connectbackinto it on a randomsoclet to receve
theraw data. If usedin soclet mode,every time a resultis processedthe raw datais printedout
to the soclet to which the appletis connected.In soclet mode,the users web browser hastwo
simultaneousonnectiondo the sener, onefor the HTML dataandonefor the raw data. These
connectionsnustremainopenfor theentirelengthof the searchandasaresult,hardwarecostsfor

scalingthearchitecturanaybeincreased.

4.3.2 Dispatcher

Thedispatcheis implementedasa setof PERL codedesignedo choosehe sourcesandquery
modifications,andto outputa setof valid searchenginerequests.The users selectedoreference
corresponddo a singleline in an associatedext file. This line, loadedat run-time, definesthe
preferencename the preferencalescriptionthe setof sourcesandassociatedjuerymodifications
andthe maximumnumberof requestdor each,andthe scoringfunction. The dispatchemextracts
theassociatedist of searchenginesandquerymodifications.

For eachsearchenginethereis anassociategetof functionsfor requesigeneratiorandresult
extraction. The requesigenerationcodeacceptsasinput the users topical queryandan optional

query modification. The outputof the requestgenerationcodeis a valid search-engineequest.
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Currently Inquirus2 doesnot supportPOSTrequests.

The associatedile listing the searchenginesandassociatedjuerymodificationscanbe edited
easilyto addor remore searchenginespr to changequerymodifications.The searchenginefunc-
tionsaremodularin designallowing for easymaintenancendeasyadditionof new parsersThese
stand-alondunctionshave beenusedby otherprojectsat NEC.

Currently eachpreferencénasafixed setof searchenginesandassociatedjuerymodifications.

This setis determinedasedn theresultsof the QMLP algorithmdescribedn Chapter6.

4.3.3 ResultProcessor

Theresultprocessors probablythe mostcomplicatednoduleof Inquirus2. Figure4.6 shavs
the sub-module®f the Inquirus 2 resultprocessor The pageretriever and requestsubmitterare
implementedusing customdatastructurescombinedwith the freely available LWP libraries. The
customdatastructuredacilitate keepingtrack of the sourceand statusof pendingrequests.Each
web pagehasan associatedearchid. The searchid indicatesif the resultis a pagerequestedor
downloador a search-engineesponself it is a search-engineesponsethe specificsearchengine
is containedn the searchd.

Search-engineesponsearesentto the appropriatesearch-enginparsinglibraries. Eachpars-
ing functionis independentandreturnsa list of “pageitems”. Each“pageitem” is anassociatie
arraywhereineachfield correspondso an attribute extractedfrom the parser Typical fieldsfor a
“pageitem” includethetitle, URL, searchenginerank,andsummary Fromthosefields, a predic-
tion of topicalrelevanceandof the catayory is made,if possible.

If aresponsés from a searchengine theresultprocessocanrequesimoreresults.Associated
with eachsearchengineandquerymodificationis a “requestliimit”. Therequestimit specifiegzhe
maximumnumberof requestshatcanbe madeto a particularsearchenginefor agivenquery If a
searchenginereturnsonly tenresultsperrequestandthe requestimit wasfour, thenthetop forty
resultscouldberetrieved,tenatatime. Therequestimit is usedto allow morethanthe minimum
numberof results(typically ten),but to provide anupperboundto preventoverturdeningary single
searchengine.lf morethanonequerymodificationis usedfor the samesearctengine gachrequest
is treatedndependentlyvith its own limit.

Whenadocuments dowvnloadedtheresultprocessomustevaluatetherequiredattributes.The
scoringfunction specifieswvhich attributesareneeded Theresultprocessosaressystenresources
by loading codeonly for functionsthat are needed. A scoringfunction that requiresa catgory
classifier suchas"researchpapers” will loadonly thatclassifiers featurevector

Topical relevanceis a complicatedattribute. When a documentis dowvnloaded,a topical-
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relevancefunctionsimilar to thatusedby Inquirusis used.Section4.1.2describeshethreefactors
consideredwvhen evaluatingtopical relevance. Inquirus assignsan overwhelmingweight to the
percentagef queryterms,while Inquirus2 usesa morebalancedveighting.

The selectve-davnload modulemay guessthe topical relevancebasedon the summaryinfor-
mationprovidedfrom the search-enginessponse.

Selective Download:

The selectve downloadmodulecompareghe requiredattributesfor the scoringfunction with
thosethat are known with sufiicient certainty If a requiredattribute is missing,the documentis
downloaded.If all requiredattributesareknown, the documents not downloaded,andinsteadis
sentdirectly to the scoringmodulefor scoring.

Many attributes,suchasthe percentof querytermsin thetitle, arealmostalwaysknown from
the summaryinformation. Many attributessuchasthe total wordcountare never known from the
summaryinformation. The challengés for attributesthat may be guessedasedon the summary
suchastopicalrelevanceor a cateyory classifier

For example, a documenttitled: “Top ten DVD players reviewed” with a URL of
“http://www.reviews.com/dvdreviews.html” and a summaryof: “Reviews.compresentompre-
hensve reviews of the ten bestselling DVD players. is probablytopically relevant for a query
of “DVD players”andwould mostlikely classify aspositive for a classifierfor productreviews.
A documentitled “RandomSite.netivith a URL of “http://www.randomsite.net/stiftoday.html”
anda summaryof “Randomsite.nepresentour usualarrayof stuff todays specialis ..” doesnot
seemohviously aboutDVD playersandis not olbviously a productreview, but it couldbe.

Theselectve downloadmodulecanutilize attributeswhosevaluesarenot certain.ln theabove
casewe couldimaginetwo attributes:topical relevanceandreviews Topicalrelevancerefersto the
extentto which thedocuments about(or relatesto) the query Reviews refersto the pageclassifier
for productreviews; a positive classificationindicatesthe documentis in the categyory of product
reviews, andanegatie classificationndicategshedocuments not. Whentrying to determinevalues
for theseattributesfrom a summarythereis uncertainty The seconddocumenicould be topically
relevantanda productreview, but the summarymight not berepresentate.

The selectve download moduleallows use of summaryclassifiersand predictedtopical rel-
evancewhen making download decisions. When available, a summaryclassifiercan be usedto
predictthe cateyory of a givendocumentpasedonly onthe summaryinformation. Summaryclas-
sifiersaretrainedon shortsummarie®f known documentsandutilize title, URL andsummary-tgt
featuresFigure4.7 shavs a samplegraphof the numericaloutputof aregularbinary classifierand

the meaningof thatoutput. Whenthe classifierreturnsa positive score,the documents assumed
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Negative Class | Positive Class

x=0
Figure4.7: A normalclassifierhastwo regions: positive to theright of 0 andnegative to the left of zero
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Figure4.8: Themodifiedsummaryclassifierhastwo regions: positive to theright of thethresholdanddon't
know to theleft of thethreshold

classifiedaspositive; negative scoreimpliesa negative classificationZerois equallylik ely positive
or ngyative.

Theproblemwith usingasummaryclassifieris thatthe negative classificatioris not necessarily
atruenggative. A summarythatis notrepresentate of thedocumentmayresultin afalsenggative.
Downloadinga documentanprovide the full-HTML, allowing a moreaccurateclassificationput
at a higherresourcecost. To reducethe numberof false negatives, the output of the summary
classifieris redefinedas shavn in Figure 4.8. Insteadof having a negative documentassumedo
be negative, the outputis “Don’t Know.” In addition,a slightly positive documentmay be a false
positive. To reducethe numberof falsepositives, a thresholdis used. If thenthe results
canbeclassifiedeitherway. The higherthethresholdthe fewerthe numberof documentghatare
classifiedas positive, but the lower the false-positie rate. Although not usedin Inquirus 2, it is
possibleto adda third region, asshavn in Figure 4.9, with a negative threshold. Documentghat
arefar to theleft (highly negative scores)canbe assumedo be definitely negatve. A document
consideredhs“don’t know” canbe queuedor download. The thresholdcanbe adjustedbasedon

the resourcesvailable. In somecasessuchasfor personalhomepagesthe summaryclassifiers
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Figure4.9: A three-outputlassifier:Theright region is positive, the left regionis negative, andthe middle

is don't know. Two differentthresholdgrovide theboundaries

(100,100)

(T,T) :
Uncertain !

x=T x=100
x=0 Predicted Topical Relevance

Figure4.10: Summarytopical relevancefunctionis uncertainif the the predictedtopical relevanceis less
thanthethreshold

have accurag very closeto the full documentclassifiers,and asa result, the summaryclassifier
canbealwayshbelieved. Chapter6 describeshonw summaryclassifiersarelearned,andtherelative
accurayg ascomparedo thefull-pageclassifierdor eachof the cateyoriesusedin the userstudy

Uncertaintyalsoexists for predictingtopicalrelevance. A documenthat mentionsuserquery
termsin thetitle, summaryandURL, is likely to betopically relevant; a documennot mentioning
the querytermsarywherein the summarytitle, or URL is not necessarilynot topically relevant. In
addition,topical relevanceis not binary; a documenthatis someavhattopically relevant shouldbe
scoreddifferentlythana documenthatis stronglytopically relevant.

Inquirus 2 resohes this by implementinga summarytopical relevancefunction basedon the
titte andsummary If a searchenginereturnsan abstract,or a topical relevancescore,thosemay
be considerednsteadof or in additionto the summaryandtitle. The summarytopical-rel@ance
function producesa numericalscorefrom 0 (not topically relevant) to 100 (completelytopically
relevant). If thescoreis overthethresholdcurrentlysetat 75, it is consideredcceptableptherwise,

the documentmust be dowvnloadedto resole the score. Figure 4.10 shows the two regions for
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the topical relevancesummaryfunction. The scoredessthanthe thresholdare always considered
“UNCERTAIN”"; scoresabore thethresholdarebelieved. We have experimentedvith usingneural
networks andothermethodsfor returninga probability distribution function (PDF) for the topical
relevancescoresspecificto eachsearchengine,althoughthesemethodsare difficult to train and
requiremoreresourceso evaluate.

Sectionb.2.2presentsiserstudydataontheeffectivenesof theselectve downloadmodule.No
resultsfrom the special-purpossearchengineResearchinde(CiteSeer)were downloaded since

theabstracproduceda believabletopicalrelevancescore.

4.3.4 Scoring Module

Inquirus2 utilizes need-basedcoring.Eachusercanutilize herown scoringfunctionfor each
search.To implementneed-basedcoring,the userpreferenceateyory thatdetermineshe sources
andquerymodificationsalsospecifieghe scoringfunction.

Originally Inquirus 2 allowed ary PERL function asa scoringfunction. Codewasaddedto
allow accesgo the built-in variablesfor eachresult. This methodallowed for very complex scor
ing functions,but securityconcerngmalke it unwiseto permitusersto createtheir own functions.
In addition, sinceary function could be used,the task of the selectve download was especially
difficult.

Currently Inquirus2 supportghe original style functionsaswell asa newer, restricted format.
The naw scoringfunctionsarerestrictedto a summatiorof piecavise linearfunctions.To improve
flexibility for dealingwith differentsourcesandto improve thetaskof the selectve dowvnloadmod-
ule, meta-attrilntesarepermitted.

Theformatof the new functionsis alist of attributes,weights,andalist of pointsto be usedas
the piecavise linearfunction:

Where: istheweight, istheattribute name,and is alist of pointsfor the piecavise
linearfunction.

For example,the scoringfunction for the catajory “Researchpapers’usedin the userstudy
was:

In this casetherearetwo attributes,M:new_reseachpapes andquidtr; eachis assigned 50%
weightandhasa correspondingiecavise linear function,asshavn in Figure4.11. The attributes
areboth definedto permitthe useof the summaryfunctions. The attribute M:new_reseachpapes
is custom-definedo specifythatfor the general-purpossearchenginesa summaryclassifiercan

beappliedif thedocumenis notdownloadedandafull classifieris usedif thedocumenis down-
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Piecewise linear function for research paper classifier Piecewise linear function for topical relevance
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Figure4.11: The piecawise linear functionsfor the researchpaperclassifier(left) and topical relevance
(right).

loaded.For the special-purpossearchengineResearchinde the attribute M:new_reseachpapes

is fixedatabout0.5, sinceevery resultfrom Researchindeis assumedo be aresearctpaper The

selectve downloadmoduleis ableto determinefrom which sourcea resultcomesfrom. If there-

sultis from Researchinde the attribute M:new_reseachpapes is defined,andneednot triggera

download or apply ary classifiers.The attribute quicktr is definedby default to usethe summary
classifierfor general-purpossearchengines.If thereis a full abstractsuchasthe casefor results
from Researchlnde the summaryclassifieris alwaysbelieved; otherwise athresholds usedasis

describedn Section4.3.3.

The new style of scoringfunctionshasno limit on the numberof attributesthat canbe used,
althoughfor Inquirus2, mostscoringfunctionsuseonly two attributes. Meta-attrilutescanbe de-
finedfor eachscoringfunctionasdesired.A meta-attrilnte is evaluatedbasedn the searchengine
thatreturnedtheresult. Theserulesarein plain text andcontainedn the samefiles thatspecifythe
scoringfunctions. A meta-attrilnte canbe definedfor a setof searchenginesanindividual search
engine,or asa default. A meta-attrilnte canalsospecifyonly for downloadedor not-davnloaded
documents As a simpleexample,a documenthatis downloadedshouldusethe full-page classi-
fier, while a documenthatis not dowvnloadedshoulduseanappropriatessummaryclassifierfor the
sourcesearchengine.

The scoringmodulefor Inquirus 2 is designedo computea scorefor eachresultassoonas
sufiicient information is available to scoreit. Scoresreturnedfrom the scoringmodule do not

currentlydependon ary otherresultfound, providing the propertyof independentesultscoring.
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4.3.5 Parallel Processing

The currentdesignof Inquirus 2 is not multi-threaded;instead,it utilizes the freely available
ParallelUserAgentibrariesto permitthe resultprocessindgoop to be calledeachtime a web page
is returned. All othermodulesare called accordingly as describedn the implementatiorof the
ResultProcessgrSectiond.3.3. Thecurrentterminationconditionis basedn thenumberof results
processedndthereis anexplicit timeoutin placefor eachwebreques({bothsearctenginerequests
andresultdovnloadrequests) Sincethe interfaceis incrementalthe useris alwaysableto obtain
thetop rankedresultsbeforethe searchcompletes.

Futurework will includeimplementingthe codeasdistinct threadsand permit distribution of
thesethreadsacrosanultiple processorsThepropertyof independentesultscoringcombinedwith

anincrementainterfacefacilitatesparallelprocessing.

4.3.6 Other Toolsand Libraries

In additionto the basicarchitecture we implementedsereral specificCGI scripts. Table4.4
lists the extra scriptswe implemented.

Logging scripts

Tofacilitateanalysisof theuserdata,specialoggingcodewasimplementedAll threeinterfaces
supportuseof analternateclick URL. The specialURL calls our logging CGI scriptto recordthe
click event. Eachclick eventis associateavith the specificsearchandresultitemto permitdetailed
analysis.

In additionto logginguserclicks, logginglibrariesweredesignedo log all searchevents,user
requestsauthenticatiorfailures,andfinal searchranks. To comply with the requirementhatthe
userstudy be anorymous,the logging codewasadaptedo separatgotentiallyidentifiableinfor-
mation(the users IP addressjrom the searchinformation(queryandpreferences).

User study scripts

Theuserstudywasbuilt ontop of the Inquirus2 system.An alternatenterfacewasaddedand
customHTML startpageswere created.Whena userparticipatedn the userstudy the interface
wasprogrammedotto list ary results,but insteadto call a specialvote programoncetenor more
resultswerefound. Thespecialvote CGl scriptinterfaceswith the currentlyrunning(or completed)
searchassociatedavith thatuser This wasaccomplishedy parsingthe log files generatedy the
searchitself. Whena uservoted, a new vote logfile was createdto ensurethat the userwasnot
presentedvith the sameresultmorethanonce.

The userstudy scriptswere designedo ensurethat usersmustremainanorymous,but usage
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by the sameusercould befollowed. They werealsodesignedo operatewhile the searchwasstill
progressingo reducethe wait time for a userwishing to vote. After a usercompletedvoting for
seven results,a specialCGl script would shaw her the final sortedlist, allowing herto click on
resultsthatmight nothave beenpresentediuringthe userstudy

User-authentication scripts

Inquirus2 supportsa wide rangeof authenticatiorandresource-managemeaoptions. Special
tools were createdto allow usersto log in, save or changetheir password, or to log out. User
passwerdswerestoredin alocal PerlDBM file, in sucha way thatthey could never berecovered,
only comparedagainsta provided token. Not even the systemadministratorof Inquirus2 could
regeneratea users passvord from the databasdile without breakingMD5 hashesr performinga
bruteforce attack. Eachuserwasalsoassigned semi-randonextra bit stringto improve security
of their hash.All authenticatioriokensweregeneratedasedon a variety of parameterincluding
theusers IP address.

In additionto strongauthenticatiorcode the systemprovidesthe administratosstrict control of
the usageof the system.Theauthenticatioribrariesallow specificatiorof individual or groupuser
usageand resourcdimits. The simple configurationfiles could limit “internal users”to a dozen
simultaneougonnectionsyhile outsideuserscould only male five, unlessthey areregistered,in
which casethey arepermittedto make six. The authenticatiormodulecodealsoallows restricted
acces®nly to the systemadministratoifor testingpurposes.

Our userstudywasrequiredto be anorymous. Shortly beforethe userstudybegan,the system
was modifiedto remove all authenticatiortokensautomaticallyand prevent userswith accounts
from loggingin. Instead all userswereassignednanorymoususerlD andrequiredto click onan
agreementlocument. The authenticatiorsystemensuredhat only userswho agreedto the terms
would beableto accessary of the systemscripts. The systemallows for easilyupdatingtheterms,
andensuringthatall usershave seenthe mostrecentterms.

All authenticationboth beforeandafterthe userstudy operatedoy usinga single cookiesent
to the users web browser SpecialCGI scriptswere createdto allow removal of ary systemset
cookies.

Customization scripts

Prior to the userstudy ary authenticatedisercould customizeher input userinterface. This
customizatiorwas performedthrougha CGI script that allowed editing of the associateaptions
file. Eachuserwould have her own optionsfile to describethe specificmappingof button names
to preferencesDeletionof all preferencesvould setthe default optionsfile for thatuser otherwise

changesvould bewrittento herpersonabptionsfile. Althoughthisfeatureis notyetimplemented,
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we intendto exploretheability for authenticatediserso createcustompreferencesitherbasedn

learningof new customcategoriesor acombinationof or re-weightingof existing preferences.
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CHAPTER 5

User Study

To understandiserjudgmentsof usefulnesandthe effectivenessof our architecturaimprove-
ments,we performeda userstudy Our userstudywasdesignedo collectdatafor threepurposes:
analyzeuserjudgmentsof usefulnesandtopical relevanceandthe effects of catejory classifiers
and query modifications,collect dataaboutthe effectivenessof eachof the four architecturaim-

provementsandcollectof datarelatedto metasearchinm general.

Figure5.1: A screershotof theuserstudyinitial queryform

Our userstudywasbuilt on top of Inquirus2, askingusersto vote on up to seven documents
persearchwherea vote consistedf optionalcommentplus a judgmentof topical relevanceand
usefulnessin additionto saving all uservotes,we alsostoredinternal processinglatausefulfor
analyzingthe effectivenessof eachof our four architecturaimprovements:incrementainterface,

sourceandcateyory-specificquerymaodifications selectve downloadandneed-basedcoring.

74



Field Description

Query Thisis ashortwrite in areawherethe userenterstheir topicalquery

Catgory A pull down list of four cateyoriesto help describethe users need. The four cateyories
availablewere: ResearclpapersReviews, Personahomepagesand“noneof theabove”
thatindicatedto usetopicalrelevanceonly

Websearctskill level | Userswereasledto optionallyprovide anindicationof theirwebsearchexperiencethere

werefive options:Novice, Limited experience Good,Advanced andExpert

Detaileddescription | Userswereasledto optionally provide a detaileddescriptionof theirinformationneed

Table5.1: Fieldsfor theuserstudyinputform

Item Description

Userqueries Every usersearchchosercatgory andary options. Thesedatawererecordedor both
the specialuserstudyinterfaceandregularusersof the Inquirus2 searchinterface

Search-engineequests | All search-engineequestsverelogged,including both modifiedand unmodifiedand

specialpurposesearctenginerequests

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

the startof the search)therelevantattributes(andclassifierscores)thetotal predicted
score(andfinal rank),the ranksof eachsearchenginereportingthe URL, andthetitle

andsummaryandif thedocumentwasdownloaded.Fromthe searchengineandrank,

we coulddeterminegf aparticularresultwasfoundasaresultof a modifiedquery

Useractions All uservotes,optionalcommentdrom the userstudyarelogged. In addition,all user

clicks for regularsearctresultswerelogged

Table5.2: Factorsrecordedor loggedfor analysisaspartof theuserstudy

Our anorymousweb-basediserstudy ran from Decemberl4, 2000, throughFebruaryl16th,
2001,andcollected684 userdocument/otes. Therewere82 uniqueuserswith 117total searches
thathadatleastonedocument/ote.

Our userstudydatademonstratedeveralimportantdiscoreriesaboutusers judgmentsof use-
fulness,including a boundingrelation,wherethe level of the topical relevancejudgmentformsan
upperboundon the level of the usefulnesgudgment.The studyalsoprovided strongevidencethat
consideringcategories helpsto identify useful documentsand query modificationssignificantly
increasedhe chancethat a randomresultwas of the desiredcatayory. The userstudy dataalso
demonstratethatthe selectve donnloadmodulecansignificantlyreducethe percevedlateng, by
passinghighly usefuldocumentsjuickly to the scoringmoduleandthento the incrementainter

face.
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5.1 Study details

Our userstudywassetup to collectuserjudgmentsof topicalrelevanceandusefulnes®f web
documents. The selecteddocumentsvere found by Inquirus 2, in responsdo a userquery and
userspecifiedcatayory. Userswerenotrestrictedfor their queriesbut werelimited to four choices
for their cateyory, oneof whichwasa “noneof theabore” option. The studywasanorymousin that
no personallyidentifyinginformationwascollected, but throughthe useof cookies repeatjueries
by the sameuser(computer)vereidentified.

Overthenearlytwo months the studywasrunning,82 uniqueusersparticipatedonly counting
thosethat provided at leastonevote). Eachuservolunteeredandwasnot paid or otherwisecom-
pensatedor participation. Volunteersprobablyheardaboutthe studyfrom eitherword-of-mouth,
personak-mailsrequestinghey participatg(althoughparticipationwasanorymous),or from going
to thelnquirus2 mainpageandclicking ontheuserstudylink. It is believedmary of thevolunteers
weremy friendsor family, althoughunlessa usercontactednethroughout-of-bandcommunication
(phone,e-mailor in person)his or heridentity wasnot known for certain.

To participatein theuserstudy all userswerefirst requiredto agreeto the consentorm, a copy
of thetext is shavn in Figure5.7. Theconsentorm wasnecessaryo complywith therequirements
of theInstitutionalReview Boardof the University of Michigan. A users agreemenéllowed usto
seta singlecookiethatpermittedbothtrackingof thatusers actionsandverificationthey agreedo
theconsenform. Oncethecookiewasset,future searcheby thatuserwould notrequireagreement
to the original consentorm.

Thefirst screerseerby a studyparticipants shavn in Figure5.1. Table5.1describegachfield
presentedo the userfor theuserstudyinputform. Although optional,usersprovidedaweb-search
skill level for 94% of the vote bearingsearchesAlso, usersprovided optionalcommentdor about

68% of the vote-bearingsearches.

Level | Topical relevancetext Usefulnesgext
1 Not topically relevant Not useful
2 A little topically relevant A little bit useful
3 Someavhatontopic Someavhatuseful
4 Verytopically relevant Very useful
5 Exactlytherighttopic | Exactlywhatl wanted

Table5.3: Text associateavith eachlevel of topicalrelevanceandusefulness

1Theusers IP addresss alwaysrecordedby the web sener, but the logging scriptsseparatedhis informationfrom
uservotesor queries.
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Figure5.2: A screermshotof a votewindow for a queryof “eric glover” anda category of “personalhome-
pages”

After specifyingsearchcriteria, Inquirus 2 locatedresults. If fewer thanten resultscould be
found,theuserwould be presentednerrorandhave the optionof goingbackto changehis search.
Oncetenresultswereprocessedhe systemwould automaticallypopup avotewindow. Figure5.2
shaws a screershotof a samplevote window.

The “vote window” presenteda userwith a documentfor which to vote, and providesthree
optionsfor enteringinformation: topical relevance,usefulnessandoptionalcomments.Thereare
five optionsfor bothtopicalrelevanceandusefulnesasdescribedn Table5.3. In additionto voting
for topicalrelevanceandusefulnessa usercould provide optionalcomments.The usercould click
on “other commentsto pop up a free-formwrite in window, andor could pull dovn andchoose
oneof elevendefault commentsTable5.4lists eachof thefixed optionalcomments.

Table5.5lists the numberof timeseachof the optionalcommentccurred:

Eachuserwasasled to vote for up to seven documents.To enhancehe data,documentgo
be voted for were not picked randomly Eachuservote wasassociatedvith the specificmethod
usedto pick the votedfor URL. Four differentpick methodswere appliedto choosea document
to be votedfor from all the remainingunvoted documents.Table 5.6 describeghe four methods
used.All searchesisedthe “top-ranked” methodfor thefirst document.For the first monthof the
study every documentafter the first was selectedusingthe biasedmethod. After the first month,
the othermethodsvereusedwith a40%chanceof eitherrandomor “high ranked” and20%chance
of biased.It shouldbe notedthattherewasa biasagainstpicking a resultfrom a specialpurpose
searchengine(appliedto all methods).If a specialpurposesearchenginewaspicked, 70% of the

time anew choicewould bemade.
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Number Optional comment

o

No comment
Wrongmeaningof my terms
Pagehadanerror
Pagewastoo old
Pagewastoo short
Contentsalreadyseen
Pagewasnot of sufficient quality
Pagewastoo specific
Pagewastoo general

© 00 N O OB~ WN P

Pagedid not have the correcttype of content

[En
o

Pagedid not containary of my keywords

Table5.4: Thepull-down list of fixed optionalcomments

5.2 Hypothesesand Analyses

Ouruserstudywasdesignedo analyzethreethings: usefulnessarchitecturakffectivenessand
generalmetasearchiata. For eachof theseareaswe presentseveral hypothesesndthe relevant
userdataand analysis. Resultsshouldbe viewed in light of non-uniformmethodsof document

selection.

5.2.1 Usefulness

Usersprovidedjudgmentsof bothtopicalrelevanceandusefulnessUsefulnesss relatedto, but
notthesameas,topicalrelevance.Usefulnesss definedby bothtopicalrelevanceandotherfactors,

asstatedn Hypothesisl, suchasthe catayory of thedocument.

Hypothesis1l Usefulnesss strongly dependenbn topical relevance but usefulnesss alsodepen-

denton otherfactors. Topicalrelevanceis necessaryut not suficientfor usefulness.

To testHypothesisl, we comparedpaireduserjudgmentsof topical relevanceandusefulness
asshawvn in Table5.7. To testthe relatve dependenceye performeda correlationbetweenthe
judgments.Topicalrelevancejudgmentsandusefulnesgudgmentsof all documentshaved a cor
relationof 0.779. This relatively high correlationsuggests strongrelationship but alsosuggests
theremaybe otherfactors.

Thedatafrom Table5.7 suggests boundingrelationship wherethe level of the topical rele-
vancejudgmentappeardo provide anupperboundon thelevel of the usefulnesgudgment.Of the

684 judgments,only 25 wereto the lower left of the diagonal. Of those25 documents22 were
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Optional comment Number of votes

No comment 374
Wrongmeaningof my terms 48
Pagehadanerror 10

Pagewastoo old

Pagewastoo short
Contentsalreadyseen 17
Pagewasnot of sufficient quality 17
Pagewastoo specific 32
Pagewastoo general 51
Pagedid nothave thecorrecttype of content 93
Pagedid not containary of my keywords 32

Table5.5: Frequeng of eachoptionalcomment

Pick method | Description

Random A documentvasrandomlychoserfrom all remainingurnvotedfor documents

Biased A documentvaschoserbasednits predictedusefulnesscorewith thefollowing scorerangeand
probability: (0-50)- 20%, (50-70)- 10%, (70-85)- 7.5%,(85-95)- 7.5%,(95-100)- 45%— random
-10%

Topranked | A documentranked as eitherfirst or secondby at leastone searchengine(could be modified or

unmodified)

Highranked | A documentankedin thetop five by atleastonesearchengine(couldbe modifiedor unmodified)

Table5.6: Four methodgor selectingdocumento be votedfor

immediatelynext to the diagonalandcould be explainedby minor differencesn theinterpretations
of theassociatedext correspondingo eachvote.

Thereweretwo documentgudgedas“Not topically relevant”, but “Somevhatuseful! These
documentsappearto be serendipitoudinds. The first one was a researchpaperabout market-
basedmechanismgor planning,foundfor a queryof “thread schedulingotteries” anda cateory
of “researchpapers”. The secondwas likely judgeduseful becausehe userhad interestsother
thantheir query The userwassearchindgor “dreamcasteview” with a cateyory of “reviews”, and
judgeda documentabouta U2 CD as“someavhat useful”. Although serendipitoudinds may not
follow the boundingrelation,it appeardo bea goodgeneralule, givenmorethan96% of the user
votesfollowedtherule, with only five out of 684 morethanoneaway from thediagonal.

Theboundingrelationhasseveral implicationsfor IR research First, it suggestshata binary
assumptioraboutthe judgmentsof topical relevanceand usefulnessare not suficient; thereis a

richer setof informationby usingmorethantwo levels. Secondjt demonstrateboth thattopical
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Topicalrelevancejudgments

9
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22| 3 [34]34]|21]15
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>
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Table 5.7: Usertopical relevanceversesuserusefulnessacrossis topical relevancejudgments,

down is usefulnesgudgments Eachsquards the numberof votes.

relevanceis importantandthattopicalrelevanceis nottheonly factorinvolvedfor usefulnesgsince
therewere a substantiaihumberof highly topically relevant documentghat were not judgedas
highly useful). Third, it suggestdhat a documentthatis partially topically relevant may be more
usefulthanonethatis highly topically relevant.

To verify thattheuserjudgmentof topicalrelevanceandusefulnessveredistinct,we performed
apaired,two-tail T-TEST, producinga P of . This extremelylow P valuesuggestshat
the two datasetsarefrom differentdistributions, supportingthe suppositionthat usersinterpreted

topicalrelevanceandusefulnesslifferently (asthey wereinstructed).

Hypothesis2 Usefulnesss dependentn the category, sud thatdocumentshat are of thedesied

categgory on aveiage will bemore usefulthandocumentsiot of the desied category.

Hypothesi2 addressetherelationshipbetweeruserusefulnesgudgmentsandtheir specified
catgory. A documennot of thedesiredcateyory shouldbeunlikely to be useful. Fromthe bound-
ing relation, the level of topical relevanceprovides an upperboundon the level of the usefulness
judgment suggestingdocumenthatis of low topicalrelevance independenof thecateyory;, is not
goingto beuseful. To testHypothesi2, we analyzedhe averageusefulnes®f documentgudged
ashighly topically relevant (four or five), asshavn in Table5.8. Catagory refersto the documents
from searchesvherea userspecifiedeitherpersonahomepageseviews, or researctpapersDoc-
umentsfoundfor searchesvhenthe userspecified‘none of the above (topicalrelevance)”did not
have a category-classifierapplied,and hencewere excluded. Class+ and class-refersto the re-
sultsof the appropriatecatejory classifierasbeingpositive (documentredictedto bein the given
cateyory) andnegative respectiely. Documentfoundfrom CiteSeerthe special-purposeesearch-
papersearchengine wereassumedo be classifiedaspositive for researctpapersgventhoughno

classifierwasactuallyapplied. CiteSeemwasthe only special-purpossearchengineusedfor this
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userstudy

catgory | class+ | class- | catgory class+ and | class- and | catgory | class+ class-
and and and and
TR=5 TR=5 TR=5
Average 2.26 241 2.09 3.67 3.86 341 4.22 4.52 3.79
Useful-
ness
Average 2.74 2.85 2.63 4.58 4.59 4.57 5 5 5
Topical
relevance
Num 459 245 214 168 99 69 97 58 39
docs

Tableb5.8: Effect of catayory on averageuserjudgmentsof topical relevanceandusefulness*cat-
egory refersto a userchosencategjory otherthan“none of the above”, class+meansclassifiedas

positve, class-mean<lassifiedasnegative.

Table 5.8 shavs the averageusefulnes®f all documentghat had a classifierapplied,broken
down by level of topical relevance(4, 5 or both) and classifierresult. Documentsclassifiedas
positive wereslightly more usefulon average(2.41vs 2.09) andslightly moretopically relevant.
However, we areinterestedn the documentamostlikely to be highly useful (4 or 5), so we re-
strictedthe setto thosejudgedas highly topically relevant. For topical-rele#ancejudgmentsof 4
or 5, the averageusefulnesgor documentslassifiedas positve was 3.86vs. 3.41,thoughtheir
averagetopical relevancewas almostthe same. For documentgudgedas5 for topical relevance,
the differencewasmuchmoresignificant,with anaverageusefulnes®f 4.52vs. 3.79. An average
of 4.52requiresthatat leasthalf of the documentsverejudgedas5 for usefulness An unpaired,
2-tail, equalvarianceT-Testcomparinghe usefulnesef thedocumentgudgedas4 or 5 for topical
relevance,brokendown by classificationpositive vs. neggatve) was0.0149,very significant. Con-
sideringonly the documentgudgedas5 for topicalrelevance the probabilityimprovesis lessthan
0.0001. However, for the documentgudgedasl or 2 for topical relevancethe T-Testproduceda
P value of 0.835,suggestingatgyory hasalmostno effect for documentgudgedasnot topically
relevant (the boundingrelationpreventscategory from having ary effect on documentgudgedasl1
for topicalrelevance).

Table5.8 andthe T-Testson the variousclassestrongly suggestshat cateyory is a significant

factorof the usefulnesgudgmentwhena documenis judgedashighly topically relevant.

Hypothesis3 Resultsfoundfrom an appropriately modifiedqueryare more likely to be classified

aspositivethanresultsfoundfroman unmodifiedquery
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Hypothesis4 Resultsfoundfrom modifiedquerieswill havea higheravemage usefulnesshanre-

sultsfoundthroughunmodifiedqueries.

catgory modified not both | catgory| modified| not modified | catgory | modified | not modified
modified and and andTR =4 and and andTR=5
TR =4| TR =4 TR=5 TR=5
Average || 2.26 2.04 2.52 2.04 | 3.67 3.71 3.66 4.22 4.6 4.16
Useful-
ness
Average || 2.74 2.37 3.14 252 | 458 451 4.6 5 5 5
Topical
rele-
vance
Num 459 170 252 23 168 49 116 97 25 70
docs

Table5.9: Effect of querymodificationson averageuserjudgmentsof topicalrelevanceanduseful-

ness.

- Modified | Unmodified
Class+ 127 100
Class- 44 152

Percent + 75 40
Percent - 25 60

Table5.10: Querymodificationsandthe classificatiorof results.

Hypothesis3 statesthat query modificationswill increasehe probability a resultis classified
aspositve. Hypothesis4 statesthat resultsfound from modified queriesare more usefulon av-
eragethanresultsfound from unmodifiedqueries. Given hypothesi<2, if we assumehypothesis
3 is true,thenhypothesist shouldalsobetrue, becausenoreresultsclassifiedas positve should
increasethe averageusefulnessUnfortunatelyhypothesist is not supportedoy our data,andthe
previously statedogic ignoresthe possibilitythatmodifiedqueries althoughincreasinghe chance
of positive classificationmay have otherdetrimentaleffects, suchaslowering the averagetopical
relevance.However, documentgound from a modifiedquerythatwerejudgedas5 for topicalrel-
evancedemonstrated higheraverageusefulnesshandocumentgudgedas5 for topicalrelevance,
but foundfrom anunmodifiedquery

Therewere 170 documentsin a category (otherthan“none of the abore (topical relevance)”)

foundasa resultof amodifiedquery and252 documentgoundasa resultof anunmodifiedquery
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Figure5.3: Usefuldocumentfoundat varioustimesthroughouthe search

A documenfoundby botha modifiedqueryandanunmodifiedquerywascountedasboth. Only 23
documentslessthan15% of the smallerset,werefoundby botha modifiedandunmodifiedquery
A documentfound only from a specialpurposesearchengine,or from one of the “test” query
modificationswas excludedfrom this data. Table 5.10 shavs the effect of query modifications.
Resultdoundfrom modifiedqueriesverenearlytwice aslik ely to beclassifiedaspositive asresults
found from unmodifiedqueries(75% vs 40%). The effectivenessof the query modificationswas
significantwith respecto cateyory, but accordingo Table5.9,our querymodificationssignificantly
loweredboth the averagetopical relevanceand the total numberof documentgudgedas useful.
However, a documentthat was judged as highly topically relevant (5) and found by a modified
querywason averagemore usefulthana documenthat was highly topically relevant, but found
from anunmodifiedquery

An unpairedtwo-tailed,equalvarianceT-Testcomparingthe usefulnesgudgmentsof the set
of documentgudgedas5 for topicalrelevanceandfound from anunmodifiedquerywascompared
with thesetof documentsvith a5 for topicalrelevanceandfoundfrom amodifiedquery producing

a P of 0.035.This wasnot assignificantascateyory, but waslessthan0.05.

5.2.2 Architectural Components

Thesecondocusof theanalysisof thedatafrom our userstudywason the effectivenesf the
architecturaimprovements. Therewere four architecturalimprovementswe wishedto quantify:

the incrementaluserinterface, sourceselectionand query modification, selectve download, and
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need-basedcoring.

Incrementalinterface

To reducethe effects of the tempoal seach problem we utilized an incrementalinterface.
With ourincrementainterface,resultsaredisplayedjn the correctrelative rank,asthey arefound.
Hypothesis stateghatusefulresultsarefoundthroughoutthe searchprocesslf all usefulresults
were found only at the beginning, or at somefixed point in time, thenthereis minimal valueto
usinganincrementainterface. If usefulresultsaredistributedthroughoutthe searchprocessthen
an incrementalinterfaceallows presentatiorof someusefulresultsto users,while permittingthe

searchto continueto find more.

Hypothesis5 Useful resultsare found throughoutthe seach process,not all at the beginning
middleor end.

Figure 5.3 shavs the numberof usefuldocumentgjudgedas5 for usefulnessjound andthe
correspondingearchtime whenthey were scoredby the systen? In our userstudy userswere
not presentedvith scoredresultsasfound, but ratherpresentedvith specificallyselectedresults
andasled to vote. The time a resultwasfound and scoredwas saved for analysis,even though
the vote may have occurredseveral minutesafter the result wasfirst scored. Figure 5.3 clearly
shaws that useful resultswere found throughoutthe searchprocess. Of all the documentausers
votedfor andjudgedas5 for usefulness41% (38 out of 92) werefoundin thefirst ten secondof
the search.Therelatively high percentagés likely dueto the selectve dovnloadmodule. In the
secondenseconds20% (18 out of 92) of the usefulresultswerefound. About 38% of the useful
resultswere found after the first 20 seconds.It is importantto note that the specifictimestaken
areafunctionof theimplementationanda differentimplementatiormay operatefasteror slower.
However, ary metasearcknginethatperformsinformationgatheringactionswill requiretime. For
our implementationwith lessthanhalf of the usefuldocumentdoundin thefirst ten secondsan
incrementainterfaceseemgustified.

Sourceselectionand query modification

Inquirus2 choosesearchengine,querymaodificationpairsfor eachsearch.To improve consis-
teng, the samefour searchengineswereusedfor every searchexceptfor researctpaperswhere
a specialpurposesearchengine,CiteSeerfLawrenceetal., 1999 wasadded.We did not studyin
detail sourceselection.Figure 5.4 shawvs the percentagef usefuldocumentswith respecto each
of thefour general-purpossearchenginesusedin our userstudy: AllTheWeb, AltaVista, Google,

and NorthernLight. This graphshaws that Google (this includesboth modified and unmodified

2gearcrenginelateny will affectthetimesresultsarefirst identified.
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queries)contrituted the mostor about49% of the total numberof usefuldocuments.Although
Googlecontributed an overwhelmingpercentagef useful documentsusingonly Googlewould
missabouthalf of thetotal usefuldocuments.

Otherresearchnasstudiedsourceselectionandwe did notdo ary in-depthanalysis.For search-
engine-specifigquerymodificationswe studiedthe percentthancearandomresultreturnedrom a
modifiedquerywould bejudgedasuseful. Section5.2.1describeslypothesis3, which canbeused
asonemeasuref effectivenessof our querymodifications. The querymodificationsasdescribed
in Section5.2.1demonstratedn averager5% on-catgory results significantlymorethanthe 40%
of the resultsfound from unmodifiedqueries,althoughQMLP, our methodfor learningthe query
modifications seemedo reducethe averagetopical relevance reducingthe total numberof useful
documentgound. However, highly topically relevantdocumentsoundfrom modifiedquerieswere
moreusefulon averagethanhighly topically relevantdocumentgound from unmodifiedqueries.

In additionto our work, relatedwork by Agichtein demonstrated significantimprovementfor
source-specifiguerymodificationswhenusedfor questionransweringAgichteinetal., 20017].

Althoughthedatafrom our userstudyis only for threecateyories,theresultsarepromising,and
suggesthatquerymodificationscanbe a usefultool in categyory-specifianetasearching.

Selectve download

To improve performancendto reducepercevedlateng, we utilized aselectve downloadmod-
ule, asdescribedn Section4.3. Figure5.3 shaws the distribution of usefuldocumentsver time.
Documentghat were not downloadedmale up a significantproportionof the usefuldocuments
(29%) andwerefound in a fraction of the time. In the first five secondsmore than 63% of the
documentgudgedas5 for usefulnesshatwerenotdownloadedwerefound.

Thedesignof the selectve downloadmoduleusedin Inquirus2 wassuchthatonly documents
scoringhigh for topical relevance(at least75 out of 100 usingthe Inquirus2 measurepndclas-
sified as positive would be not downloaded. Although our predictionsof topical relevancewere
not perfect,Inquirus2’s topical relevancefunction demonstratea correlationof 0.49betweerour
predictedtopical relevanceand users actualjudgments. Our summaryclassifiersdemonstrated
high accurag for eachof the threecatayories(morethan85%); usinga positive threshold further
improvedtheaccurag. Giventherelatvely high accurag for the summaryclassifiersandtherea-
sonablepredictivenessof our topical relevancefunction, we predictthat the averageusefulnesof
resultsnotdownloadedoy theselectve dovnloadmoduleshouldbe higherthanresultsdownloaded.
Theaverageusefulnesgudgmentsof all downloadeddocumentsvas2.24,while averageusefulness
for documentghatwerenot downloadedwas2.75.

Of the 11,279total documentgprocessedy the system(including thosenot votedfor), 1844
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were not downloaded,producinga significantsavings in resourcesand a reductionin perceved
lateng.

Need-basedscoring

To improve the ability to identify useful documentsthe users chosencateyory was usedto
determinethe scoringfunction, asopposedo only consideringopical relevance. The correlation
betweerour predictedusefulnesandactualusefulnessvas0.344.This correlationmight besolow
becaus®f therelatively low accurag for our predictionsof topicalrelevance aprimarycomponent
of our usefulnesscore.In addition,our scoringfunctionswerefairly simple,andplacedan equal

weight on topical relevanceand cataeyory, while our datasuggeststherfunctionsmay be more

effective.
Searcch engine | Total | “None of the above”
AllTheWeb 28 11
Alta Vista 9 4
Google 49 38
Northern Light 15 14

Table5.11: Resultjudgedas5 for usefulnesdy searchengine.

Figure5.5shavsthedistribution of actualusefulnesgudgmentdor differentrangesof predicted
usefulnessAlthoughour predictedusefulnesscoredemonstratedlow correlationwith actualuse-
fulnessjudgmentsthe distribution of userusefulnesgudgmentsshavs thata predictedusefulness
of lessthan50 wasstronglysuggestie of a documentot beinguseful. A predictedusefulnes®f
95 or higherdemonstratea significantly higher percentagef highly usefuldocumentghanthe
threescoringrangeswith lower predictedusefulness.

Table 5.8 shaws the effect of cateyory on averageusefulness. The significantimprovement
(3.79t0 4.52)suggestshatconsideringooth catggory andtopical relevancecanimprove the ability
to predictusefulnesspvertopicalrelevancealone.In ourfuturework we wish to exploreimproved

functionsfor usefulnesshasedon whatwaslearnedirom our userstudy

5.2.3 General Metasearch

In additionto collectingdatafor analysisof our architectureanddataon usefulnesgudgments,
we have collecteddatarelatedto parameterselevant to generalmetasearch.Two argumentsfor
metasearcknginesarethatindividual searchengineshave relatively low coverage andcombining

resultsfrom multiple searchenginesprovides animprovementover ary oneindividually, andno
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Figure5.4: Distribution of usefuldocumentsdy searcrengine

singlesearchengineprovidesall the usefulresults.

To measurehesefactorswe examineresultoverlapandusefulresultdistribution. Several other
studieshave concludedvery low resultoverlap, supportingthe theorythatit is beneficialto com-
bineresultsfrom differentsearchenginegLawrenceandGiles,1998a LawrenceandGiles, 1998¢
LawrenceandGiles,1998h LawrenceandGiles,1999a Selbeg, 1999 GordonandPathak,1999.
A metasearcknginethatretrievesall of the usefulresultsfrom only onesourcesuggestshatthere
is no needto considerothersourcesand lowersthe utility of a metasearckengine. Selbeg dis-
cusseghe distribution of userclicks asa proxy for judgmentsof usefulness.He concludedthat
no singlesearchenginedominatedjustifying the needfor combiningresultsfrom multiple sources
[Selbeg, 1999.

We analyzedresultoverlap,both betweerall sourcesandoverlapasdistinctfor modifiedand
unmodifiedqueries. Of the 2661 resultsfound as a result of a modified query’, and the 7043
resultsfound from anunmodifiedquery only 139wereduplicated.Of the 11,279total documents
(this includesthe specialpurposesearchengineCiteSeerandthe “test” querymodifications)there
were 867 found by more than one source(modified or unmodified),or about7.7%. Of the 2661

resultsfound by a modifiedquery 59 werefound by two (of four), andtwo resultswerefound by

3We only considerresultsfound by one of the first four modifications,we did not countdocumentsrom special
purposesearctenginesor “test” modifications.
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Figureb.5: Distribution of userusefulnesgudgmentsasa functionof predictedusefulness

threesearchengineswith no resultsreturnedby all four of the querymodifications(excludingtest
modifications).

Overlapfor the unmodifiedquerieswasalsovery low with 385 of the 7043 resultsfound by
exactly two sources 59 by three,and seven resultsby all four sources. The overlap of results
waslessthan8%. Of the 446 resultsthat were of a usercatayory otherthan“none of the abore
(topicalrelevance)”thatwerevotedfor, only 23, or about5.2%" werefoundby bothamodifiedand
unmodifiedquery

Table5.11shaws thedistribution of usefulresultsfor eachof the four searchengineswe stud-

ied. Although Googleseemso be a major contritutor of usefulresults,no single searchengine

“We 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: Averageusefulnesandtopical relevancejudgmentsasa function of searchenginerank

contrituted morethanhalf of the total usefuldocuments.For the caseof “none of the abare” (no
real catgyory), Googlecontrituted slightly morethanhalf (57%) of the usefulresults. We hadex-
pecteda moreequaldistribution of usefuldocumentsandit is not clearthatonesearchenginewill
dominatein the future. The querieswe submittedare not representate of typical queriessentto
thesesearchenginesandmaybebiasedecaus®f thesubjectof this studyexpectinga“dif ferent”
searchlengine.Eventhoughthereis adominantsearchengine consideringpnly Googlewould have
removed abouthalf of the usefulresults.

Thedistribution of usefuldocumentsglemonstratea wide variationof eachsearchengine,but
suggestshatusingametasearcknginecandoublethetotal numberof usefulresultsover searching
only onesearchengine. It shouldbe notedthat we only considereahe top 20 or 30 resultsfrom
eachsearchenginesoit is possiblethatrequestingnoreresultsmay have increasedhe percentage
overlap. We feel it is reasonabldéo considersucha smallweb searchhorizonbecauseéncreasing
the numberof requestediocumentswill significantlyincreaseesourcecosts,andrisk alteringthe
attitudeof the searchenginetowardshostile.

Figure5.6 shavs the averageusefulnesgudgmentandaveragetopical relevancejudgmentasa
functionof searchenginerank. To smoothout the data,the searchengineranksusedfor Figure5.6
weredividedinto four blocksof five, 1-5, 6-10,11-15and 16-20. The correlationbetweensearch

enginerankanduserjudgmentof usefulnessvas-0.21,suggesting very weakrelationship.
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Web skill level Number of searches
(0) No answer 7
(1) Novice 9
(2) Limited experience 8
(3) Good,but notadwanced 43
(4) Advanced 37
(5) Websearchexpert 13

Table5.12: Distribution of userskill levels

5.3 General Observations

In additionto providing avote,usersvereasledto provide optionalcommentsexplainingtheir
judgments. Of the 684 uservotes, 310 voteshad an accompaying “canned” optional comment.
Table5.5 shavs the distribution of comments.‘Pagedid not have the correcttype of content”was
the largestcomplaintwith 93 occurrencesThe secondmnostfrequentcannedccommentwas“Page
wastoo general’with 51 occurrencesA closethird was“Wrong meaningof my terms”with 48. In
additionusershadthe optionof providing a detaileddescriptionof theirinformationneed(onceper
search).79, or about67.5%o0f the 117 vote bearingsearche$iadan associatedetailedcomment.
The vastmajority of users(110 out of 117 vote bearingsearchesprovided an optionalweb skill
level. Table5.12 shaws the distribution of web skill levels. The skill level (3) “Good, but not
adwanced"wasthe mostcommon,with 43 occurrences.

Although our userstudy did not study the generalizabilityof cateyory-basedsearchingfrom
a userperspectie, someusercommentssuggesthat a betterinterfacemay be needed.One user
statedhatthe category choserwasnot exactly whatthey wanted andsuggestednnew catejory be
added.The majority of commentsveremoredetaileddescriptionf the users informationneeds,

asopposedo commentntheinterfaceor 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 includke privacy statememindthe detailed project description

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

In order to use any data collected from Inquirus 2 for my thesis, | am required to have permission from the Univers
Michigan IRB Behavioral Sciences Committee. To get this permission, | am required by them to post an informed ¢
form, this document, for all prospective users of the system to see. Users who do not agree to the terms of this doc
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 infc
The system will set a cookie on your computer to track your actions, but will not ask for your personal information,
for an optional e-mail address if you choose to register. At several points during your search you will have the optic
providing value (and topical relevance) judgements for search results, as well as optional comments. As with any L
system, providing of your judgements is voluntary. You must be aware that your use of the system, and any judger
provide will be logged. For more details on what is logged pleasbeeletailed project descriptiolm short, all queries yc
perform, and the results you click on are logged. In addition, the links on a result page have been modified to enak
log which links you click on, if you wish to avoid the logging of clicks on result pages you can simply click on the ur
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 add
reveal your personal identity, you might wish to consider using a proxy. If you use AOL and you use AOL’s browse
automatically using a proxy. If you use a dial-up ISP, in general only the geographic location you dialed is revealec
ISP’s provide a free proxy and assistance on using it. While writing my thesis, if | discover information that | feel ca
reveal someone’s identity, | will attempt to block it out, or obsecure it. IP addresses will not be correlated with spec
queries, and in general will be printed in aggregate form only -- i.e. 50% of the requests came from AOL users. If y
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 buttol
this system. Inquirus 2 sends queries to regular search engines and does not guarantee that only good results will
although unlikely, it is possible results found (from the underlying search engines) may be offensive to users. The ¢
does not intentionally show objectionable results, and is designed to find results that are closer to what you are sei
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, suc
"personal homepages," or "research papers" to improve the search, both to find better results and to better rank th
which are found. Sometimes Inquirus 2 might appear slower than a regular search engine. This is because Inquiru
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 an
results, provides basic implicit data. Second, every result page contains at the top a toolbar where you are asked t
the topical relevance and the value of each page. Third, users who wish to provide more data, that will be used for
and to improve the system, are asked to utfiimeey modevhere you are asked to vote for seven documents prior to s
the ranked this. In survey mode, the system chooses what documents (from those found for your query) to present
me to collect data on both good and bad documents. In general voting should take just a few seconds, with maybe
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, ¢
possibly other related research projects. As stated users of the system are anonymous, and as such, even a full pt
of the queries is unlikely to permit someone to determine your true identity. IP addresses can be protected if you u
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, | must provide the following information:

My name is Eric Glover, and | am the Primary Investigator for this study. | am a Ph.D. student at the University of I
and an intern at the NEC Research Institute: If you need to contact me | can be reached at: (XXX) XXX-XXXX (my
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 t
directly. The contact for the IRB Administrator is Kate M. Keever: keever@umich.edu, and the phone number for t
(734) 936-0833

By clicking AGREE below, you agree to the terms discussed in this consent form: Specifically you agree that your
system may be logged, and if you are under 18 you have permission from a parent or guardian. If you do not agre¢
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: Userconsenform to uselnquirus?2.

91



CHAPTER 6

Query Modification Learning Procedure (QMLP)

Typical web searchenginesindex millions of pagesacrossa variety of catgyories,andreturn
resultsranked by expectedopical relevance Only a smallpercentag®f thesepagesmay be of a
specificcateyory, for example,personahomepagesr researctpapers A usermay examinelarge
numbersf pagesabouttheright topic, but not of the desiredcategory.

Our methodusesa classifierto recognizeweb pagesof a specificcateyory anddiscorersmod-
ificationsto queriesthatbiasresultstoward documentsn thatcateyory. Theresultsof thelearning
procedurevereusedto generateseveral catgoriesin Inquirus2, andwerestudiedin theuserstudy
describedn Chapters.

Query Modification Learning Procedureautomaticallyproducesa setof query modifications
and searchenginepairsthat have several desirableproperties,and requiresonly an initial setof
trainingdocumentanda smallnumberof testqueries.In this Chapterwe describea methodology

for learningsearch-engineyuery-modificatiorpairsto facilitatecateyory-specifioveb search.

6.1 The Problem

Givena catagyory, a usermay guessa reasonablguerymodificationto enhancehe search.For
example,a usersearchingor personalhomepagesboutpeoplewho like to “yo-yo” may guess
that adding“home page”to the query of “yo-yo” will enhancehe results. Unfortunately nave
querymadificationsarenot alwaysuseful,andin somecasesnaybedetrimental Likewise,simply
guessingdoesnot accountfor differencesbetweensearchengines further reducingthe effective-
ness.The problemis to automaticallylearna setof effective querymodifications thatwhenused,
produceresultsconsistentvith the usersintentions.

Section3.8.2describeghe propertiesof querymodificationsusedin Inquirus2: searchengine

specific,categyory specific,queryindependenandsometimesion-olvious. Any methodinvolving
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humanjudgmentwill be unlikely to discover non-olvious query modifications.In addition,there
may befeatureghatindividually appeato work, but whencombineddo not, or vice versa.

The definition of a cateyory may not always be easyto expressin simple terms. Insteadof
expectinga textual descriptionof a cateyory to train, we begin with a setof web pagesthat are
representate of the desiredcatayory. For example,a setof homepage®sf researchersa setof
researctpapersor a setof documentsbouta particularcompan. The conceptof catayory is not
limited by subjectbut maybebasedon someproperty suchaspoetrypagespr shortstories.

Theproblemis giventheinitial representate set,discoser asetof reasonablsearchengineand
querymadificationpairs. Thelearnedsearchengineandquerymodificationpairsshouldultimately

reflectthe catggory componenbf a users informationneed:

6.2 The Method

For a specificcatgyory, our first stepis to train a supportvectormaching(SVM) [Platt, 1999 to
classify pageshy membershipn the desiredcateyory. Classifieraccurag is improved by consid-
ering,in additionto wordsandphrasesthedocumentsHTML structureandsimpleword location
information(e.g.,whetheraword appearsiearthetop of thedocument).

We then learn a set of query modifications. For this experiment,a query modificationis a
setof extra wordsor phrasesaddedto a userqueryto increasethe likelihood that resultsof the
desiredcategory areranked nearthe top? Sincenot all searchenginesrespondthe sameway to
modifications,we useour classifierto automaticallyevaluatethe resultsfrom eachsearchengine,
and producea ranking of searchengine,query modificationpairs. This approachcompensates
for differencesdetweernperformanceon thetraining setandthe searchengine,which hasa larger

databas@endunknavn orderingpolicy.

6.3 SVMs and Web PageClassification

Categorizing web pagesis a well researchedroblem. We chooseto use an SVM clas-
sifier [Vapnik,1995 becaussit is resistantto overfitting, can handlelarge dimensionality and
has beenshavn to be highly effective when comparedto other methodsfor text classification
[Joachims 1999 Kwok, 1999. A brief descriptionof SVMs follows.

Considera setof datapoints, , suchthat isaninputand isa

!In additionto theability to locateon-catgory results jt mightbedesirableto considersearchengineperformancer
otherfactorswhenevaluatingquerymodifications.
20ur systemsupportdield basednodifications suchasa constrainion the URL or anchortet.
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tamget output. An SVM is calculatedas a weightedsum of kernelfunction outputs. The kernel
functionof an SVM is written as andit canbeaninnerproduct,Gaussianpolynomial,
or ary otherfunctionthatobeys Mercers condition.

In the caseof classificationthe outputof anSVM is definedas:

(6.1)

Theobjectve function (which shouldbe minimized)is:
_ (6.2)
subjectto the box constraint andthelinearconstraint iS a user

definedconstantthat represents balancebetweenthe model compleity andthe approximation
error Equation6.2 will alwayshave a single minimumwith respecto the Lagrangemultipliers,
. Theminimumto Equation6.2 canbefoundwith any of afamily of algorithms,all of which are
basedon constrainedquadraticprogramming. We useda variation of Platt's SequentiaMinimal
Optimizationalgorithm[Platt, 1998 Platt,1999 in all of our experiments.

WhenEquation6.2is minimal, Equation6.1will have aclassificatiommagin thatis maximized
for thetraining set. For the caseof alinearkernelfunction ( ), anSVM findsa
decisionboundanthatis balancedetweertheclassboundarie®f thetwo classesIn thenonlinear
case,the magin of the classifieris maximizedin the kernel function space,which resultsin a
nonlinearclassificatiorboundary

Someresearchhasfocusedon using hyperlinks,in additionto text and HTML, asa means
of clusteringor classifyingweb pagegChakrabartietal., 1998a Flake etal., 200Q. Ourwork as-
sumeghe needto determinethe classof a pagebasedsolelyonits raw contentswithout accesgo

theinboundlink information.

6.4 QMLP Details

Figure 6.1 shavs our main algorithm, QUERY MODIFICATION LEARNING PROCEDURE
(QMLP). This algorithmfirst trainsan SVM classifieron labeleddata. The algorithmthenauto-
matically generates setof good query modifications,ranked by expectedrecall. Finally, using
the learnedclassifierto evaluatethe querymodificationson real searchenginesa rank orderingof
query-modificationsearch-engintuplesis producedTheclassifierandthetuplesareincorporated
into Inquirus2 to improve catayory-specificwveb search.In additionto learningthe full-pageclas-
sifier, a summaryclassifieris alsolearnedfor useby the selectve dowvnload moduleof Inquirus
2.
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QMLP( , , , , )

INPUT: Trainingexamples (positve)and (negative)
Setof searchengines | testqueries
Thenumberof resultsto consider

OUTPUT: Ranledlist of searchengine,

guerymodificationtuples

1. Generatesetof features from and

2.Using train SVM classifier

3. is thetop 100featuredrom , by expectedentropy loss
4. Selectsetof possiblequerymaodifications,

5. Remae duplicateor redundantmodifications
6. PRE-PROCESS-QMOD

7. Thesetof testedmodifications
8. return SCORE-TUPLES

Figure6.1: QueryMadificationLearningProcedure.

6.5 Training the Classifier

First we train a binary classifierto accuratelyrecognizepositive examplesof a cateyory with
a low false-positie rate. To train the classifier it is necessaryo convert training documentsnto
binary featurevectors,which requireschoosinga setof reasonabléeatures Eventhoughan SVM
classifiemaybeableto handlethousandef featuresaddingfeaturesof low valuecouldreducethe
generalizabilityof the classifier Thus,dimensionalityreductionis performedon theinitial feature
set.

Unlike typical text classifierswe considemwords, phrasesandunderlyingHTML structureas
well aslimited text locationinformation. A documentthat says“home page”in bold is different
from onethatmentionst in anchortext, or in thelastsentenc®ef thedocumentWe alsoaddedspe-
cial featurego capturenon-tectual conceptssuchasa URL correspondingo a personabdirectory
Figure 6.2 describeghe representatiomf documentfeatures. Appendix B describeghe symbol

featuredn moredetail.

Initial Dimensionality Reduction

We performatwo stepprocesdo reducethe numberof featuredo a userspecifiedevel.

First, we remove all featuresthatdo not occurin a specifiedpercentagef documentsasrare
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Code| Description

T Title word or phrase

TS Occursin first 75 termsof the document
Occursarywherein full-text (excepttitle)
Occursin aheadingor is emphasized

uUP Word or specialcharacte(tilde) occursin the
URL path

UF Word or specialcharacteroccursin the file

nameportionof the URL
A Occursin theanchortet
S Specialsymbol — Capturesnon-tetual con-

cepts,suchaspersonaldirectory top of tree,

namein title

Figure6.2: Documentvectortypesused

wordsandvery frequentwordsarelesslikely to be usefulfor a classifier A feature is removedif

it occursin lessthantherequiredpercentagéthreshold)of boththe positive andnegative sets|.e.,
and
Where:
: thesetof positive examples.
: the setof negative examples.
: documentsn  thatcontainfeature .
: documentsn thatcontainfeature .
: thresholdfor positive features.

: thresholdfor negative features.

Secondwe ranktheremainingfeaturesbasedn entropy loss.No stopword lists areused.

6.5.1 ExpectedEntropy Loss

Entropy is computedndependentlfor eachfeature.Let  betheeventindicatingwhetherthe
documentis a memberof the specifiedcateyory (e.g.,whetherthe documentis a personahome-
page).Let denotethe eventthatthe documentontainsthe specifiedfeature(e.g.,contains‘my”

in thetitle). Theprior entrofy of the classdistribution is

The posteriorentrofy of the classwhenthe featureis presentis
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; likewise, the posteriorentrofy of the classwhen the featureis absentis

- " . Thus, the expectedposteriorentropy is

-, andtheexpectedentopylossis

If ary of the probabilitiesarezero,we useafixedvalue.Expectedentropy lossis synorymouswith
expectednformationgain,andis alwaysnonngative [Abramson,1963.

All featureameetingthethresholdaresortedby expectedentroyy lossto provide anapproxima-
tion of the usefulnes®f the individual feature. This approachassigndow scoresto featuresthat,
althoughcommonin bothsets,areunlikely to be usefulfor abinaryclassifier

Oneof thelimitationsof usingthisapproachs theinability to considerco-occurencef features.
Two or more featuresindividually may not be useful, but when combinedmay becomehighly
effective. Coetzealdiscussan optimal methodfor featureselectionin [Coetzeeetal.,2001. Our
method,althoughnot optimal, canbe run in constantime per featurewith constantmemoryper
feature plusafinal sort? bothsignificantlylessthanthe optimalmethoddescribedy CoetzeeWe
perform several thingsto reducethe effects of possiblefeatureco-occurence.First, we consider
bothwordsandphrasegup to threeterms). Consideringphraseseduceghe chancethata pair of
featureswill be missed.For example,the word “home” andthe word “page” individually may be
poorat classifyinga personahomepagebut “home” followed by “page” might be very useful.

A secondapproacho reducingthe problemis to considemary featureswith arelatively low
thresholdfor thefirst step.The SVM classifiewill beableto identify featuresasimportant,evenif
individually they might not be. As aresult,consideringa larger numberof featurescanreducethe
chancethata featureis incorrectlymisseddueto low individual entrofy. For our experimentswe

typically consideredbouta thousandeaturedor eachclassifier easilyhandledoy anSVM.

6.6 ChoosingQuery Modifications

Like the work of Mitra [Mitra etal., 199§, the goal of our query modificationis to identify
featureghat could enhancehe precisionof a query Unlike their work, we have extra information
regardingtheusers intentin theform of labelleddata. Thelabelleddatadefinesa catayory, andthe
learnedmodificationscanbe re-appliedfor differenttopical queriesthatfall in the samecatejory

without ary re-learning(queryindependence).

3We assumehatthe histogramrequiredfor computatioris generatedseparatelyandwe assumea constantime to
look up datafor eachfeaturefrom the histogram.
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Oncethetraining sethasbeencorvertedto binary featurevectorg, we generate setof query
modifications.Selectedeaturegnaybe non-textual, or onfieldsnot usableby every searchengine,
suchasanchort&t, or the URL. Featurer combinationof featuresare selectedbasedon their
predictedprecisionandrecall, independenbf whethera humanjudgesthem as “relevant”. We
considermrecisionasthe percentagef the documentghat satisfya given query modificationthat
are“on-catgory”. Recallis thepercentagef “on-catgyory” documentshatsatisfythegivenquery
modifications.Suchfeaturesor combinationof featuresmaybenon-olvious.

To generateéherankedlist of possiblequerymodifications we scoreall possiblequerymodifi-
cationsby expectedrecall We define to bethesetof querymodificationspr all combinations
of oneor two features. A userparameterP, is the desiredminimum precision. To computethe
precision,we mustconsiderthe a priori probabilitythata randomresultfrom a searchengineis in
the desiredcateyory, asopposedo the probability thatarandomdocumentrom the training setis
in the positive set. To compensatéor the differencebetweerthea priori probabilityandthe distri-
butionin thetrainingset,we adda parameter , definedbelow. Figure6.3 shawvs our algorithmfor
rankingthe querymodifications.

Considetthefollowing definitions:
: Setof all possiblequerymodificationsfor consideration,
: A singlequerymodification,comprisedf a setof oneor morefeatures: ,
: thesetof documentgrom |, the positive set,thatcontainall thefeaturesn ,
: thesetof documentsrom |, thenegative set,thatcontainall thefeaturesn
: factorto compensatéor a priori probability of theclass: _

: Userprovided parametefor minimumdesiredprecision.

ThealgorithmPRE-PROCESS-QMODreturnsarankedlist (by expectedrecall)for eachquery
modificationthatmeetghespecifiedorecisionlevel, P. Precisionin thiscontext is basedn percent-
ageof resultsclassifiedaspositive; thereis no query only a categjory. We canmeasuregrecisionon
theweb, but cannotmeasureecallwithout having knowledgeof all possibleresultsandtheir clas-
sification. Typical query modificationapproachestrive to maximizeprecision;however, a query
madificationmay overly constrainthe resultscausingvery high precision,but very low recall. As
a result, we feel that ranking query modificationsby expectedrecall is more desirable,as long
asthey have at leastsomeminimum precisionrequirement. If a useris searchingor a specific

pagein somecategyory, sayanindividual's homepageasopposedo a setof homepagesf people

“We do not considerterm frequeng information for this step, only presenceor absenceof a given featurein a
document.
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PRE-PROCESS-QMOD(

INPUT: .

[ )

OUTPUT: A rankedlist of all

A

. foreach

N

. Computepredictedprecision:

else

.endforeach

© N o gk~ w

.return all sortedby

Figure6.3: Initial rankingof the querymodifications.

who have a particularinterest,low recall canmale it very likely the desiredpageis never found
[GrossmarandFrieder 1998 VanRijsbegen,1979. In general,thereis an inverserelation be-
tweenprecisionandrecall. Our approactallows the userof thetrainingcodeto controlthis balance

by choosingthe minimum precisionlevel.

6.7 Scoring Query Modifications and Engines

Not all searchenginesrespondthe sameway to a query modification, or containthe same
distribution of documents.One usermay be looking for homepage®f personswho work for a
compan, while anothemight be looking for homepagesf peoplewho own a Ford truck; in each
case,the bestquery modificationand searchenginemay be different. To rank the search-engine,
query-modificatiortuples,we userepresentate testqueriesandapply the classifierto the results.
Figure6.4shavs analgorithmthatcanrankasetof searctenginesandquerymodificationsstarting
with a setof samplequeries.Therankingis basedon the numberof valid documentseturnedthat
areclassifiedastrue by the learnedclassifief In addition,a specifiedparameter controlshow
mary resultsareconsideredor eachsearch-enginquery Consideringoo mary resultsmayharm
performancewhile too few may not accuratelycapturethe effectivenes<f a giventuple. should

be similar to theweb searchhorizonusedby the metasearckenginethatwill usethelearnedquery

The learnedclassifierconsideranary featuresjn additionto wordsandphrasesreducingthe chancethata single
featurecauses pageto alwaysclassifyastrue. In addition,SVMs aredesignedotto overfit, furtherreducingthechance
of asingleor smallsetof featuresdominating.
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modifications.

Thus,we definefor trainingandtesting:
. Setof querymodificationsfor testing,
: A singlewebpage ,
: A searctengine, , all searcrengines,
: A queryto besubmittedto asearchengine, isthesetof testqueries,

: Downloadspage correspondindgo URL , if thereis anerrorthen is definedas

: Functionthatreturnstrueif page atURL is of thedesiredcatayory.

Althoughthealgorithmcouldcomputescoredor hundredf testqueriesandtensof thousands
of possiblequerymodificationswe cautionagainstrunningit on a large set,to avoid sendingarge
numbersof queriesto the searchengines.To furtherreducethe burdenon eachsearchengine we
ran the algorithmserially alternatingsearchenginesbhetweeneachrequest.For our experiments,
we choose to bearelatively smallsubsebf thesetof all ranked querymodificationsplusthe
querywith no modification,andat leastone“naive” modificationfor comparison For thetraining
of thecatgyoriesusedin theuserstudy we addedheability to recordthenumberof returnedresults
for eachsearchenginequery Althoughit is not possibleto computerecall,the numberof returned
resultsmay permit choosingof a more balancedquery modification. A query modificationwith
100% precision,but only returnsthreetotal results,is likely too restrictve, andis probablyworse

thana querymodificationthatresultsin 90% precision but returns10,000results.

6.8 Results

To testQMLP, several catgyorieswerelearnedandusedin Inquirus2. Earlierwork describes
someresultsfor using early versionof the cateyory of personalhomepagesnd the cateyory of
callsfor papersaswell asexperimentswith a gaussiarkernelfunction[Glover etal., 200]]. This
dissertatiorfocuseson the threecatayoriesusedin the userstudy: Personahomepagesproduct
reviews andresearctpapers.

For eachcateyory, we startedwith a setof training andtestdocumentsa setof sampletest
queriesandfour searchengines:AltaVista, AllTheWeb, NorthernLight, andGoogle.In eachcase
a linear kernelfunctionwasused,and wasalwayssetto 20, to matchthe web searchhorizon
usedfor the userstudy For eachcatayory, a full-pageandsummaryclassifierwaslearnedto iden-

tify documentsn the given cateyory. In addition, QMLP wasusedto recommenda setof query

100



SCORE-TUPLES( v )
INPUT: List of searclenginesandquery
modificationsto test,testqueries, ,
aparameter

OUTPUT: A rankedlist of all

1. foreach
2. foreach
3. EVAL-TUPLE

4. endforeach
5. endforeach

6. return all in ,
sortedby
EVAL-TUPLE( , , , )

INPUT:  Querymodification , searchengine
testqueries

OUTPUT: Relative scorefor thetuple

1. INITALIZE

2.foreach

3. first resultURLsfrom searchengine
with queryCONCAT

4. foreachurl

5

7. if AND

8

9 endif

10. endforeach
11.endforeach

12.return

Figure6.4: Functionsto scoreeach
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modificationsfor eachsearchengine.For consistenyg, we choosehe bestquerymaodificationfrom
eachsearchenginefor our userstudy eventhoughonesearchenginemay have severalquerymod-
ificationsappearingo performbetterthanthe bestquerymodificationfrom anothersearchengine.
In additionto choosingthe bestquery modificationfor eachsearchengine,we alsochoosea sec-
ond query modificationfor one searchengine(to allow usto measureoverlap betweenmultiple
query modificationsfor the samesearchengine)anda “bad” query modificationfor later analysis
of effectiveness.

For eachcategory, a setof positve pageswere found using variousmethods,including web
searchingrecommendationgnd hub pages.Negative pageswereformedfrom a combinationof
randompages(found from a pseudo-randompick of a 200 million pageweb crawl) andnegative

pageghatwere“nearmissesfoundwhile searchindor positive pages.

6.8.1 PersonalHomepages

A personahomepagas a difficult conceptto defineobjectively. The definition we usedis a
pagemadeby an individual (or family) in an individual role, with the intent of beingthe entry
point for informationaboutthe person(or family). It is possiblea personmay have morethanone
personahomepageandit is alsoacceptabldor a personto dedicateher homepagédo aninterest
andor hobby but notto corporateendeaors. Pageghatweremanualedirectsor entrypageqpages
that hadonly animageanda smallamountof text) wereremoved from the training andtestsets.
We alsoconsidereanly pagesn English,althoughthe symbolandstructuralfeaturesarelanguage
independent.

For training we used598 positve examples,and 1200 nggative examples. The initial training
wasperformedusingthresholdof 7.5%for boththe positive andnegative, andthetop 600features
by expectedentroy werekept. To make the classifiermoregeneralwe restrictedhetraining setto
amaximumof 5% of ary of thedocumentgrom ary onedomain.

Table6.1liststhetoptenfeaturesasscoredby expectedentrofy loss,andTable6.2liststhetop
10 featuresafter scoringby the SVM (linear kernelfunction). Many featuresrank high for both,
but somefeaturessuchas“my” in thetop 75 termsscoredhigh for expectedentrofy loss,but was
not usefulfor the SVM classifier; probablybecausetherfeaturesco-occurwith “my”. The top
ranked featurewas“UF./” or the URL endingin a slash,consistentwith the URLs of most per
sonalhomepagesThehigh scoringfeatureS.dpersonal’stateghatthe URL represents standard
“personaldirectory”; suchasthe URL beinght t p: / / peopl e. domai n. net/ user/fil e or
http://donai n/ peopl e/user/fileorhttp://domain/ wuser/file.

For testing of the personalhomepageclassifier we used335 positve and 994 negative test
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TS.my
S.dpersonal
F.my

T.s

T.page
T.homepage
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T.shome
TS.i
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o

Table6.1: Thetop 10featuresor personahomepageasscoredby expectedentropy loss

# Feature Weight
1 S.dpersonal 1.03
2 UPgeocities 0.98
3 UF./ 0.8

4 T.homepage 0.8

5 UFR.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 10featuredfor the personahomepagelassifier

documentsTheaccurag of the full-pageclassifieron the positive classwas94.3%and97.3%for
the negatie class. The relatively high accurag comparedavorably with the restrictedpersonal
homepagelassifierof Blum [Blum andMitchell, 1999.

In additionto the full-page classifiey we traineda summaryclassifierto be usedwith the se-
lective download module. To train a summaryclassifiey we considerecbnly the title, URL, and
thefirst 25 wordsof the document.We did not utilize actualsearchenginesummariegor training
our summaryclassifier The summaryclassifierdefinesa new featuretype “TN” standingfor top

terms,in this case25. The summaryclassifierwas createdusingboth a positve and negative
thresholdof 5%, andall 150featuresneetingthethresholdwerekept.

Thesummaryclassifiewasremarkablyaccurateatidentifying adocumentisa personahome-
page. The positive accurag was 88.7%,slightly worsethanthatfor the full pageclassifier The

negative accurag was97.5%,effectively the sameasthe negative for the full-pageclassifier The
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# Feature Weight
1 UF/ 3.86
2 TN.thispage 3.71
3 UPpeople 3.63
4 TN.engineering 3.47
5 UPgeocities 3.44
6 TN.im 3.01
7 TN.iam 2.95
8 TN.tomy -2.74
9 TN.my 2.65
10 | TN.welcome 2.45
11 | TN.welcometo my 2.26
12 | UFRindex 2.05
13 UPhome 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 the personahomepagsummanyclassifier

relatively high positve accurag for the summaryclassifierwas probablybecausemostfeatures
identifying a personahomepageppeato occurin thetitle andURL.

Table 6.3 lists the top 20 scoringfeaturesfor the summaryclassifier None of the top twenty
featuresbasedon SVM weightarein thetitle. About onethird of thetop twentyfeaturesarein the
URL or arespecialsymbolfeatures.

QMLP alsogenerated setof querymodificationsrom thetrainingdata.Table6.4 lists thetop
15 querymaodificationssortedby predictedrecallwith atleast50% predictedprecision.

Several of the top predictedquery modifications plus nave querymodificationsandno query
modificationwereusedastheinputto . Evaluationof eachquerymodifica-
tion involvesnumerousequest$o eachsearctengineg(onefor eachtestquery)soit isimpracticalto
testall of them. Table6.5 shaws several of thebestpredictedquerymodificationsandthe precision
of unmodifiedqueriesfor eachsearchengine. The querymodificationswere scoredby balancing
the numberof returnedresultswith their precision.For thesequerymodificationsseventestqueries

wereused:“information retrieval”, “palm pilot”, jones,smith, “ballroom dancing”,"“electrical en-
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# Query madification Predicted | Predicted
precision | 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.paget T.shome 81 21
13 | T.homepage+ Fi 59 21
14 | TS.my+ T.home 80 20
15 T.shome+ F.of 80 20

Table6.4: Thetop 15 querymodificationsfor personahomepagebasedn predictedrecall

gineering”,and“sory playstation”.

Theeffectivhessof querymodificationsasappliedto actualuserqueriess discussedn Section
5.2.1. Theresultsof QMLP for personalhomepageg¢Table 6.5) demonstratethe importanceof
choosingappropriatesearchenginesfor eachquery modification. Therewasa wide variationbe-
tweenthe measuregrecisionandapproximaterecall for eachquerymodificationfor eachsearch
engine.In generalthe searchengineAllTheWeb performedbest(the bestranked query modifica-
tion with reasonableecallanda precisionof 86%),with NorthernLightperformingworst(the best

querymaodificationhadlessthan60% precision,andlower recall) for this cateyory.

6.8.2 Product reviews

The secondcateyory usedin our userstudy was “Product reviews”. Originally intendedto
be pagesthat provide a review of a hardware or software product,this cateyory was expandedto
considemon-computeproducts suchaslawnmowers,cars,etc. In addition,a documenthatwas
amusicor movie review wasalsoconsideregositive. A typical review would mentiona product
andprovide somebasicdescriptionof its featuresaswell asanopiniononit. Mostreviews would
provide links to whereto buy the product,or pricing information,althoughfor moviesthis wasnot

applicable.
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Search | Query modification Predicted | Reported
engine precision | results
FA +"s home”+page 86 288734
FA +"s homepage” 87 179425
FA +i +"s home” 82 257417
FA +title:"s homepage” 920 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 no modification 14 14748463
GO no modification 11 21534800
AV no modification 11 3338061
NO no modification 8 10473703

Table6.5: Severalof thetop ranked querymodificationsfor the category personahomepages

For trainingwe used818 nggative and 199 positive documentsThetrainingandtestsetswere
foundin the samemannerasthetrainingandtestsetsusedfor the cateyory of personahomepages.
For training, we usedpositive andnegative thresholdof 7.5%andkeptthetop 1000featureshased
on expectedentrofy loss. Table 6.6 lists the top 15 featuresof the productreview classifier As
expectedtheword “reviews” is very significant. The systemdiscoveredthat“reviews” in the URL
path,thetitle andthefull text wereall significant. The phrase‘productreviews” occuringin thefull
text wasalsoimportant.

To testthe full-page classifiey we useda testsetof 73 positive and 800 negative documents.
The positive setdemonstratedoughly 85% accurayg, andthe negative setroughly 98% accurag.
All of thefalsenggatives(positivesclassifiedncorrectlyasnegative) scoredgreaterthan-1.5, with
mostscoringgreatetthan-1. Themajority of the negative documentscoredessthan-1 suggesting
that a shift in the biasterm will reducethe falsenegative rate at the expenseof the false-positie
rate.Adding product-reiew specificfeaturesor addingmoredocumentgo the positive training set
may improve the overall accurag.

In additionto the full-page classifier we traineda summaryclassifierfor useby the selectve
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# Feature Weight
1 F.reviews 0.15
2 UP.com 0.14
3 F.which 0.14
4 Ffirst 0.12
5 F.were 0.12
6 E.reviews 0.11
7 F.but 0.11
8 UPreviews 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 | Fdigital 0.09
15 F.quite 0.09

Table6.6: Thetop 15featuredor the productreviews classifier

download module. Table 6.7 lists the top 15 featuresfor the summaryclassifier The accurag of
the summaryclassifierwasabout95%for the negative testset,andabout92%for the positive test
set. Thesummaryclassifiemperformedslightly worsethanthefull classifierfor the negative set. For
the positive set,therelatively smallsizedoesnot guarante¢he summaryclassifieis moreaccurate
thanthefull-pageclassifier eventhoughit appearsignificantlymoreaccuratg92%vs 85%).

A positive thresholdof 0.9 would eliminateabouthalf of the falsepositives, while preserving
the majority of the positve documents A neggative thresholdof -0.9 would eliminateall but three
of the falsenegatives, while preservingmore than 80% of the negative documents.Assuminga
perfectfull-pageclassifiey suchthresholdsvould producea significantaccurag improvementover
the summaryclassifiey while permittingthe far majority of thedocumentgo be classifiedusingthe
summaryclassifier

QMLP wasrunto producea setof ranked querymodifications.Table6.8lists several of thetop
ranked querymadifications.To generatéhesemodificationsseventestqueriesvereused:monitors,
“pentiumiii”, “sorny viao”, smith, “web tv”, “windows 2000”, “diablo ii”. Thetop ranked query
modificationsfor both Googleand AllITheWeb containthe word reviews andtheletter T. This may
be aresultof somespecialcodeembeddedn the HTML not parsedout andmistalen for text. It
shouldbe notedthat the resultsdo demonstrata noticableimprovementfor query modifications

with theaddedT”. Thisis anexampleof anon-olvious querymaodification.
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# Feature Weight
1 UFrev 1.79
2 TN.downloads 1.62
3 T.product 1.56
4 TN.vision -1.53
5 T.reviews 1.47
6 UPco 1.38
7 TN.auctions -1.32
8 TN.design 1.28
9 TN.p -1.24
10 UPcom 1.19
11 | TN.network 1.17
12 | TN.how to -1.09
13 | UPRuk 1.05
14 | TN.pcmagazine -1.05
15 TN.reviews 0.99

Table6.7: Thetop 15 featuredor the productreviews summaryclassifier

6.8.3 Reseach papers

Thethird catgyory usedin our userstudywas“Researctpapers”.A web pagethatwasconsid-
eredpositive wasa researclpaper or a very detaileddocument.A web pagewith severallinks to
postscripffiles wasnot consideredh researctpapey however a shortabstracthatlinks to a single
pdf or postscripffile wasconsideredh researchpaper Researchpapersdid not needto be formal,
but neededo bedetailed.A white paperor evena detailedessaywould be consideregositive.

For training, we used885 negative and 250 positve documents.To producea more general
classifierwe limited the positive setto five percentof the documentsaaboutary onetopic or from
ary onedomain.Table6.9lists thetop 20 featuresandtheir weightaslearnedoy the SVM.

Thetestsetinvolved 994 negative examplesand 35 positive examples. The accurayg for the
negative setwas 98.5%,andthe nggative setwasabout86%. Due to time constraintsherewere
slightly under300 positive documentsTo improve overall accuray of the classifiey we decidedo
increaseéhe numberof documentsn thetrainingsetoverthetestset.

In additionto training the full-page classifierfor researchpaperswe alsotraineda summary
classifier Table6.10lists the top ten featuresfor the researctpapersummaryclassifier Unfortu-
nately dueto anerrorwhenrunningthe QMLP scripts,textual summaryfeaturegtype of TN) were
excludedfrom the summaryclassifier Despitethe lack of summarytext features,the summary

classifierdemonstrate®7.7%accurag for the negative set,and 37.1%accurayg for the positve
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Search | Query modification Predicted | Reported
engine precision | results
GO reviews so 72 769841
GO reviewst 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 +featurestreview 65 376456
FA +"it s” +review 62 410647
GO morereviews 59 1028508
NO +graphicstnice 62 172851
AV +feature+nice 66 58727
GO review 54 1608491
FA +review 52 424755
AV +review 39 108782
GO no modification 14 15836460
NO no modification 5 11193733
AV no modification 5 5960345
FA no modification 4 1942710

Table6.8: Severalof thetop ranked querymaodificationsfor the catejory productreviews

set. Thelow accurag for the summaryclassifierfor the positive setis likely dueto thefactthata
title anda shortsummarycannoteasilycapturetheformatanddetaillevel of aresearctpaper;there
arefew termsthatare commonto a significantpercentagef researctpapershatwould occurin
thetitle or summarytext. In addition,the relatvely small positive training andtestsetsreducethe
accurag andability to measuraghe accurag of theclassifier

If a positive thresholdof .9 wasused,the falsepositives are cut in half, but at a reductionof
the numberof positve documentslownloaded.However, usingary positive thresholdwill permit
the falsenegative documentgo be downloadedandclassifiedwith the significantlymoreaccurate
full-pageclassifier Despitetherelatively low accurag of the positive classifier combinedwith the
full-pageclassifiewouldresultin very highaccurag for bothpositve andnegative documentsand
couldresultin a significantreductionin the numberof positve documentsiovnloaded.

To produceasetof querymodificationandsearctenginepairs,weranQMLP onsix testqueries:
"metasearckengine”,maessolowvay, "art history”, "cellular mitosis”, andantennaTable6.11lists

severalof thebestquerymodificationsandthe scoredor no modificationfor 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.atthe -0.16
6 TS.unversity 0.16
7 F.under -0.15
8 F.terms 0.15
9 Fisa -0.14
10 F.part -0.14
11 | TS.abstract 0.13
12 Fisalso 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 featuredor theresearctpaperclassifier

engines.Table6.12lists the predictedprecisionandrecall basedon the training data. The original

predictionscanbe comparedvith the final measurediataproducedoy QMLP.

6.9 QMLP Summary

ThealgorithmQMLP hasbeendemonstrateéh several catejoriesto producehighly effective
catgyory-specific,query-independen search-engine-spiéic, and sometimesnon-olvious query
modifications. The algorithm canrun using reasonabldime and memoryresourcegor training
setsof thousandof pages,and candiscover query modificationsof words or up to threeword
phrases.Thesequery modificationscan be specificto features,suchasthe title or URL. Section
5.2.10of our userstudydemonstratea significantimprovementin the ability to locateon-catgory
documentdor userqueries.Unfortunately resultsthat areon cateyory arenot alwaysuseful. The
userstudyalsodemonstratethattherewasalossof averagetopicalrelevancefor modifiedqueries.

The QMLP algorithmdoesnot considertopical relevancefor returnedresults. This introduceshe
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# Feature Weight
1 T.abstract 1.02
2 UPpublications 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 Ta 0.39
9 S.toptree -0.38
10 | T.information 0.05

Table6.10: Thetop 10 featuredor theresearchpapersummarnyclassifier

possibility that a searchenginecould return on-catgory documentsiot aboutthe original query

but still considereakffective.
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Search | Query modification Predicted | Reported
engine precision | results
FA +introduction+"shown in figure” 80 2763

NO +"this paper”+’lik ely to” 63 3569

NO +introduction+"shown in figure” 64 3166
GO abstracintroduction 54 17704
GO introduction”shown in figure” 76 2914

FA +figure+"in this paper” 66 2290
GO "canbe” "shown in figure” 72 4856

AV +"this paper”+”lik ely to” 68 1486

FA no modification 6 420477
GO no modification 5 487320
AV no modification 2 298864
NO no modification 1 1053584

Table6.11: Severalof thetop ranked querymodificationsfor the cateyory researcipapers

Query modification Predicted | Predicted
precision | recall

F.introduction+ F.shavnin figure 58 14
F.shavn in figure+ TS.introduction 100 5
F.thispaper+ Flikely 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

catagyory of researctpapers
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CHAPTER 7

Conclusion,Summary and Futur e Work

Currentgeneral-purpossearchenginesareone-size-fitsall; they do not considertheindividual
needsf asearchingiser As aresult,ausermaybeforcedto manuallysubmitherqueryto multiple
searchenginesandor manuallyexaminedozensf uselessesultsto find a smallnumberof useful
results. This dissertatiorexploredseveral of the problemsthat male finding usefulresultsdifficult
for websearchor metasearcknginesWethenpresentedinquirus2, apreference-basetdetasearch
engine,that utilizes several architecturaimprovementsto help reducesomeof the problemsthat
limit theability to find usefuldocuments.

This dissertatiorpresentedour contritutions: First, we describedsereral resultsfrom our user
study relatedto userjudgmentsof usefulnessand userjudgmentsof topical relevance. Second,
we presentedQueryModificationLearningProcedurd QMLP), anautomatedlgorithmthatlearns
sourceandcateayory-specifioqguerymodifications.Third, we presentedeseraltechniqueshatwere
implementedandtestedthatincorporatecatayory into the metasearclengineprocess.Fourth, we
presentedelectve downloadasa performancenhancingcomponentor Inquirus?2.

To improve our understandingf usefulnesswe studiedthe relationshipshetweenuserjudg-
mentsof topical relevance,documentcataeyory, and userjudgmentsof usefulness We discorered
a boundingrelationshipwherethe level of topical relevanceprovided an upperboundon the level
of the usefulnesgudgment.We alsoobsered that both cateyory and sourceand catayory-specific
querymodificationsmprove the averageusefulnesgudgmentsof documentgudgedashighly top-
ically relevant.

QMLP testingreturnedresultsthat were on-catgory for no querymodificationlessthan10%
of thetime for thetestquerieswith sometestsreturningon-catgory resultsfor no modificationas
little as2% of thetime. In additionto significantlyimproving the percentagef on-catgory results,
modifiedqueriesncreasedheaverageusefulnessf resultgudgedashighly topically relevant. The

averageusefulnesgor modified queriesjudgedas5 out of 5 for topical relevancewas4.6, while
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unmodifiedqueriesjudgedas5 out of 5 for topical relevancehad an averageusefulnesof only
4.16. However querymodificationsloweredthe averagetopical relevanceresultingin fewer useful
resultson average.

Our userstudyconfirmedthe effectivenesghe several of the architecturaimprovements.Our
chosenquery modificationswere shavn effective with 75% of the resultsfrom modified queries
classifiedas on-catgory, and highly topically relevant documentsound from modified queries
demonstrated significantimprovementin averageusefulness.

Selectve dowvnloadwasdemonstratetb improve performancédoy not downloadingabout16%
of theresultsanddemonstratednability to quickly locateusefuldocumentsDocumentsiotdown-
loadedwerescoredandpresentedn significantlylesstime perresultandwith a higherprobability
of beingjudgedasuseful. 29% of theresultsjudgedasuseful (judgedas5 out of 5 for usefulness)
werefoundwithout download,eventhoughsignificantlylessthan29% of thetotal resultswerenot
downloaded. The selectve download works well when combinedwith the incrementalinterface
to permitusersto quickly find someof the usefulresults. Over 63% of the resultsfound without
download were scoredwithin the first 5 secondof the search,comparedwith about11% of the
downloadedresults. The averageusefulnesdor resultsdownloadedwas 2.75, while the average
usefulnesgor resultsthatwerenot dowvnloadedwasonly 2.24.

Although our particular scoring functionswere not shavn to be very accurateat predicting
usefulnessverall, the conceptof need-basedcoringwasdemonstrateéffective. Consideringhe
catgory whenscoringdocumentsgemonstrated significantimprovementn averageusefulnessf
highly topically relevantdocumentg4.52vs 3.79),suggestinghat consideringhe users catejory
whenscoringdocumentss beneficial.

We did not studysourceselectionor theincrementalnterfacein detail.

Our userstudy also analyzedseveral parameter®f interestrelatedto metasearcln general.
First, we confirmeda very low resultoverlap,both betweenall searchenginesandbetweemrmod-
ified andunmodifiedqueries. The low overlapis consistenwith the resultsof several other pa-
pers.Secondwe demonstratednimbalancebetweertheusefuldocumentontritution of different
searclengines Althoughnosearclenginecontritutedmorethanhalf of thetotal usefuldocuments,
Googleproducedsignificantlymore (nearlyhalf of all usefuldocumentgound) usefuldocuments
thenall of theothersourcesThis datasuggestshatdespitea strongimbalancemetasearchingtill
providesmoretotal usefuldocumentshanary onesearchengine(givenonly thetop 20 resultsare
consideredn all cases).Our studywasdesignedo choosewhich documentgo presento users,
andasledfor anexplicit usefulnesgudgment. Our methodis likely moreaccuratehena method

usingimplicit feedbacksuchasuserclicks or time spenton a page.In addition,sinceour system
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choosethe results,eachsourcecan have equalrepresentationandusersarelesslikely to make a

mistale thanby judgingbasednly onatitle or summary

7.1 Future Work

This dissertationexploresseveral architecturalimprovementsto metasearckenginesthat can
improve the ability to locateandidentify usefuldocuments.We identify seseral areasfor future

work:

Improve the accurag of the topical relevancefunctionsby incorporatingotherfactorssuch

asTFIDF from a proxy collection,asdescribedy Craswell[Craswelletal., 1999.

Improve the userinterface and allow usersto train their own cateyories, using very small

trainingsets.

Improve QMLP to considettopicalrelevance to provide a moreeffective querymodification,

balancingbothtopicalrelevanceandon-catgory precision.

Add morecatayoriesto Inquirus2 andbetterunderstandhe differencesetweencatayories

on usefulnesgudgmentsandeffectivenesof the architecturatomponents.

Improvethescoringfunctionsby bothconsideringheresultsfrom theuserstudy andlearning

theweightsof variousattributes.

Our userstudy demonstratedhe effectivenessof several architecturalimprovementsfor web
metasearckengines.However, it alsodemonstratetheinadequag our topical relevancefunction.
Futurework shouldfocus on improving topical relevancepredictions,both by incorporatingex-
tra information, suchas proxy statisticsto allow computationof TFIDF, andto learnappropriate
catgory-specificopicalrelevancefunctions.

QMLP, althoughshavn effective at locating on-catgory documents|oweredaveragetopical
relevanceof the results. Futurework could be to improve QMLP suchthatit considerstopical
relevancewhenrankingsearckengine guerymodificationpairs. Onewayto dothisis to scoreeach
documenusinga combinationof atopicalrelevancefunction (ideally onethatis catejory-specific)
andthe catayory classifier Otherfuture work canincluderunningQMLP on morecatejoriesanda
new studythatmeasuresonsisteng of the effectivenesof QMLP on alarger setof categories.

Theboundingrelation,combinedwith thedataontheeffect of cateyory on userusefulnesgudg-

ments suggestshattheimportanceof catgory decreasewith lower levelsof topicalrelevance.As
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aresult,improvedscoringfunctionsshouldbe createdhatadjustthe weightsasappropriatepossi-
bly usingaform otherthanadditve. Thereareprobablymary factorsotherthantopical relevance
andcatayory thatshouldbe consideredvhenscoringdocumentsAlthough Inquirus2 supportghe
useof arbitraryattributesas part of the scoringfunction, we did not studythe significanceof ary

otherattributes.
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APPENDIX A

Categories,Scoring Functions, and AssociatedQuery Modifications

The userstudy of Inquirus 2 allowed usersto choosefrom four cateyories: researchpapers,
reviews, personahomepagesand“none of the above (topical relevance)”. In addition, Inquirus
2 allowed searchingusersto choosefrom several other categories. Eachcateyory specifieda list
of searchenginesandquerymodifications,andan associategcoringfunction. TableA.1 lists the
specificscoringfunctionsusedby eachof the four catgoriesusedfor the userstudy TableA.4
presents list of several of the catgyoriesavailablein Inquirus 2, their descriptionthe associated
searchenginesandquerymodificationpairs,andthe attributesusedby each.TableA.2 definesthe

searchenginecodes.TableA.3 providesadescriptionof the attributesusedin TableA.4.

Category Scoring function

noneof theabove (topicalrelevance) (1,quicktt ’(0,0) (75,75),(100,100)")

researctpapers (.5,nev_researchpaper¥;1,0) (.5,100)’)(.5,quicktt '(0,0) (75,75)(93,100)")
reviews (.5,prodrev, '(-1,0) (.75,100)")(.5,quicktt ’(0,0) (75,75)(97,100)")
personahomepages (.5,nev_personalhp, ’(0,0) (.5,100)")(.5,quicktt ’(0,0) (75,75)(97,100)")

TableA.1: Scoringfunctionsfor thefour catayoriesusedin the userstudy

TableA.1 lists the scoringfunctionsusedby eachof thefour cateyoriesin our userstudy For

: : )-

Theattribute is abuilt-in attribute representinghe topicalrelevanceof thedocument.The

eachscoringfunction, thereis alist of tuples(

selectve download module decidesif is determinedbasedon the downloadedresult or
the summary The attributes _ , _ ,and _ _ refertothe
output of the classifieras appliedto eachpage. If the documentis dowvnloaded,then the full-

pageclassifieris used,if not, the summaryclassifieris applied. The selectve download module
is discussedn detailin Section4.3.3. For resultsfound from the special-purpossearchengine

CiteSeer _ is setto .49. Resultsfrom CiteSeerare assumedo always be
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researctpapers,anda fixed value of 0.49, whenappliedto the associatedcoringfunction, will

producea nearlyperfectscorefor _

Search enginecode Search engine Search enginecode Search engine
AB ABCNews AV AltaVista
Cs CiteSeer EE EE Times
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: Searctenginecodesusedby Inquirus2

Attrib ute Description

agrade Theaveragegrade-lgel, determinedy processinghe numberof syllablesin eachword andaveragdength

of asentence
avworddist Averagedistancgrom thetop of thedocumento thefirst occurencef eachqueryterm
genscore A handmadéunctionthataddspointsbasedn the numberof “generallike” features

GFOG A computatiorof the GunningFOG score a predictorof thereadinglevel of “easier"documents

homepage A handmadéunctionthataddspointsbasedn the numberof “homepagdike” features
latex A binaryattribute whereTRUE meanghedocumentvascreatedusingthetool LaTeX2HTML

pathlength Thenumberof slashesfterthedomainnamein the URL

researchpaper A handmadéunctionthataddspointsbasedn the numberof “researchpaperike” featuregpresent

topicalreleance A predictionof thetopicalrelevanceof a downloadeddocument
wordcount Thenumberof wordsin therenderedext of thedocument
wordproximity A measuref therelative proximity of queryterms

wordsinfirst30percen{ Thepercentagef querytermsoccurringin thefirst 30 renderedvord of thedocument
wordsinrefspercent | Thepercentagef querytermsoccurringin a “references’sectionof apage

wordspersection Theaverageof the numberof wordsfor eachHTML “section”

TableA.3: Built-in attributesusedby Inquirus2

Inquirus2 supportsmary searchengines.The modulardesignallows for easyadditionof new
searchengines,aswell aseasyincorporationinto existing or new cateyories. Unfortunately the
searchengineparsersequiremaintenancéo ensurehatthey arealwaysup to datewith the current

outputuserinterfaceof eachsearchengine.
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TableA.4: Catayoriesin Inquirus2, their guerymodifications scoringfunctions,andattributes
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APPENDIX B

Symbol Features

QMLP describedn Chaptei6, describe®urprocedurdor learningsourceandcateyory-specific

querymadifications.Thefirst stepinvolvestrainingadocumentlassifier To improve the ability to

classifyweb pageswe addedsereraltypesof features.Typical featuresincludewordsor phrases

modifiedby their associatedHTML tags,suchastitle or heading.We alsoconsidemword location

(currently we only differentiatebetweenwords in the top 75 words of the documentand words

arywherein the full text), or wordsin the URL. Somefeaturesmay not have a corresponding

textual representationsuchasif thereis a persons namein thetitle. To handlethesefeaturesa

typecalled“symbol” wasusedanddenotedwith a“S.” asthefeaturetype. Symbolfeaturescanbe

addedo improve theaccuray of classifierdor specificcategories.

Feature Description

S.tterm A setof featuresdescribingthe numberof wordsin thetitle. S.tterm4meansexactly
4 termsin thetitle. S.tterm7pmeans’ or moretermsin thetitle.

S.wordcount A setof featuresdescribingthe numberof wordsin the document.The larger the
thelargerthewordcount. rangesrom 0 (0-99words)to 5 (1600or morewords).

S.toptree If true,thenthedocumentURL refersto awebpageat thetop of the URL hierarchy
e.g.,"http://www.aol.com/pvagy.html”.

S.dpersonal If true,thenthedocumentUURL refersto afile likely to bepresentin apersonatirec-

tory, e.g.,"http://members.mydomain.cafsser23/myfile.html”.

S.titleStarts\ithName

If true,thetitle startswith apersonsname.

S.dlinks

A setof featuresdescribingthe numberof links pointingto a pagebelow the current

page.

S.outlinks

A setof featuregdescribingthe numberof outboundpointinglinks.

TableB.1: Thesymbolfeaturesusedby our full-pageclassifiers
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TableB.1 describegshe symbolfeatureghatwereavailablefor full-pageclassifiers.Somefea-
turessuchaswordcount(S.wordcount) or title terms(S.tterm ) aresimpleto compute.Features
suchasS.dpersonalor S.titleStarts\thNamearedefinedthroughheuristics.A URL canbe con-
sidereda “personaldirectory” basedon several commonfeaturesincluding atilde ( ) or common
wordsin the URL suchas“people”, “homepages”or “members”. A persons namein the title
is determinedbasedon heuristicsthat utilize lists of known first andlastnames(surnamesanda
dictionaryof known “non-name”words.

Thearchitectureof Inquirus2 allows for easyadditionof nev symbolfeatureso helpsupport

additionof new cateyories.
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