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KAZUNARI SUGIYAMA

Abstract

With the rapidspreadof the Internet,anyonecaneasilyaccessa varietyof infor-

mationon theWorld Wide Web(WWW). Sinceinformationresourceson theWWW

continueto grow, it hasbecomeincreasinglydif�cult for usersto �nd relevant infor-

mationontheWWW. In thissituation, Websearchenginesareoneof themostpopular

methodsfor �nding valuableinformation effectively. However, usersarenot satis�ed

with theretrieval accuracy of searchengines.Weconsiderthatthefollowing two facts

causethisproblem:

(i) accurateindexing of Webpagesby consideringtheir contentsis notperformed,

(ii) mostsearchenginescannotprovidesearchresultsthatsatisfyeachuser's infor-

mationneed.

Theaimof this thesisis to addresstheaboveproblemsin orderto improveretrieval

accuracy in Webinformation retrieval.

In information retrieval systemsbasedon the vector spacemodel, the TF-IDF

schemeis widely usedto characterizedocuments. However, in thecaseof documents

with hyperlink structuressuchasWebpages,it is necessaryto develop a techniquefor

representingthecontentsof Webpagesmoreaccuratelyby exploiting thecontentsof

their hyperlinked neighboring pages.Therefore,in orderto addressthe problem(i),

we proposeseveralapproachesto re�ning theTF-IDF schemefor a targetWeb page

by usingthecontentsof its hyperlinkedneighboring pages.Experimentalresultsshow
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that,generally, moreaccuratefeaturevectorsof a targetWebpagecanbegeneratedin

thecaseof utilizing thecontentsof its hyperlinkedneighboringpagesat levels up to

secondin thebackwarddirectionfrom thetargetpage.

On the otherhand,Web searchengineshelp users�nd useful information on the

WWW. However, whenthesamequeryis submitted by differentusers,typical search

enginesreturnthesameresultregardlessof who submittedthequery. Generally, each

userhasdifferentinformation needsfor his/herquery. Hence,thesearchresultshould

beadaptedtouserswith differentinformationneeds.Therefore,toaddresstheproblem

(ii), we proposeseveralapproachesto adaptingsearchresultsaccordingto eachuser's

needfor relevantinformation. Experimental resultsshow thatmore�ne-grainedsearch

systems thatadaptto user's preferences canbeachievedby constructing userpro�les

basedon modi�ed collaborative �ltering.

Webelievethat,in the�eld of Webinformationretrieval, ourproposedapproaches

contribute for indexing a targetWebpagemoreaccurately, andallowing eachuserto

performmore�ne-grainedsearchthatsatisfyhis/herinformationneed.

Keywords:

WWW, information retrieval, hyperlink, TF-IDF scheme,information �ltering, rele-

vancefeedback,usermodeling
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Chapter 1

Intr oduction

1.1 Background

TheWorld WideWeb(WWW) is ausefulresourcefor usersto obtainagreatvarietyof

information. However, it is obvious that thenumberof Webpagescontinuesto grow.

Therefore,it is gettingmoreandmoredif�cult for usersto �nd relevantinformationon

theWWW. Underthesecircumstances,Websearchengineis oneof themostpopular

methodsfor �nding valuableinformation effectively. In thesearchenginesdeveloped

in the early stagesof the Web, only termscontainedin Web pageswereutilized as

indices. Following thesesearchengines,in order to achieve more higher retrieval

accuracy, in recentsearchengines,thehyperlink structuresof Webpagesareadopted

to index Web pages.For example,HITS (Hypertext InducedTopic Search) [50] and

PageRank[66] arewell-knownalgorithmsusingthehyperlinkstructuresof Webpages.

However, themainshortcomingsof thesealgorithmsare(1) theweightfor aWebpage

is merelyde�ned; and(2) therelativity of contentsamonghyperlinkedWebpagesis

not considered.Consequently, theproblemof Webpagesirrelevant to a user's query

often being ranked highly still remains. Therefore,in order to provide userswith

relevantWebpages,it is necessaryto developatechniquefor representingthecontents

of Web pagesmore accurately. Taking this point into account,we proposeseveral

approachesto re�ning theTF-IDFscheme[78] for atargetWebpageusingthecontents

of its hyperlinkedneighboringpagesin orderto representthecontentsof thetargetWeb

pagemoreaccurately. Weproposethefollowing threeapproaches:
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� theapproachrelieson thecontentsof all Webpagesat levels up to L (in )
th in the

backward directionand levels up to L (out )
th in the forward directionfrom the

targetpageptgt ,

� theapproachrelieson thecentroidvectorsof clustersgeneratedfrom Webpage

groupscreatedat eachlevel up to L (in )
th in the backward directionandeach

level up to L (out )
th in theforwarddirectionfrom thetargetpageptgt ,

� theapproachrelieson thecentroidvectorsof clustersgeneratedfrom Webpage

groupscreatedat levels up to L (in )
th in thebackwarddirectionandlevelsup to

L (in )
th in theforwarddirectionfrom thetargetpageptgt .

We evaluateretrieval accuracy of the re�ned featurevectorobtainedfrom eachap-

proachandshow that the third approachis themosteffective. Thesearedescribedin

Chapter4.

Thesystememploying themethodin Chapter4 allow usersto getrelevantinforma-

tion for their query. However, searchresultsarereturnedin spiteof eachuser's infor-

mationneed.In otherwords,whenthesamequeryis submittedbydifferentusers,most

searchenginesreturnthesameresultregardlessof who submits thequery. In general,

eachuserhasdifferent informationneedsfor his/herquery. Therefore,we consider

thatWebsearchresultsshouldadaptto userswith differentinformation needs.Several

information systemshave beenproposedin orderto personalizeinformation or pro-

vide morerelevant information for users. For example,(1) systems usingrelevance

feedback[73], (2) systems in which usersregistertheir interestor demographicinfor-

mation, and(3) systemsthatrecommendinformationbasedon users'ratings.In these

systems, usershave to registerpersonalinformation beforehand,or usershave to pro-

vide feedbackon relevantor irrelevantjudgements,ratings,andsoon. Thesetypesof

registration, feedback,or ratingscanbecometime consumingandusersprefereasier

methods. Therefore,we proposeseveralapproachesthatcanbeusedto adaptsearch

resultsaccordingto eachuser's informationneedwithoutany effort from theuser. We

proposethefollowing two approaches:

� purebrowsing history,

� modi�ed collaborative �ltering.
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Weevaluateretrieval accuracy of eachapproachandshow thatthesecondapproachis

themosteffective. Thesearedescribedin Chapter5.

Webelievethat,in the�eld of Webinformationretrieval, ourproposedapproaches

describedin this thesiscontributefor indexinga targetWebpagemoreaccurately, and

allowingeachuserto performmore�ne-grainedsearchthatsatisfyhis/herinformation

need.

1.2 Organization of this Thesis

This thesisis organizedasfollows: In Chapter2, we �rst describethe framework of

information retrieval, andthenbrie�y show the techniquesfor information retrieval.

Then,we review relatedwork on Websearchon thebasisof its hyperlink structures,

andWebsearchon thebasisof user's preferencesin Chapter3. In Chapter4, in order

to represetntthe contentsof the Web pagesmoreaccurately, we proposeseveral ap-

proachesto re�ning TF-IDF schemefor a targetWebpageby usingthecontentsof its

hyperlinkedneighboring pages.In Chapter5, in orderto provide informationthatsat-

is�es eachuser's informationneed,we proposeseveralapproachesto adaptingsearch

resultsaccordingto eachuser's needfor relevant information. Finally, we conclude

thethesiswith asummaryanddirectionsfor futurework in Chapter6.
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Chapter 2

BasicTechniquesin Inf ormation

Retrieval

In this chapter, we �rst describethe framework of information retrieval, and then

brie�y show thetechniquesfor informationretrieval suchasextractionof index terms,

retrieval models,andretrieval evaluation. Finally, we describerelatedtechniquesof

information retrieval.

2.1 Intr oduction

Informationretrieval hasbeencharacterizedin a varietyof ways,rangingfrom a de-

scriptionof its goals,to relatively abstractmodelsof its componentsandprocesses.

Generally, thegoalof aninformationretrieval systemis for theuserto obtaininforma-

tion from theknowledgeresourcewhichhelpshim/her in problemmanagement.Such

functions,or goals,of informationretrieval have beendescribedin generalmodelsof

thetypeshown in Figure2.1. Thismodelillustratesbasicentitiesandprocessesin the

information retrieval situation.

In this model,a personwith somegoalsandintentions relatedto, for instance,a

work task,�nds that thesegoalscannotbeattainedbecausetheperson's resourcesor

knowledgearesomehow inadequate.A characteristicof sucha situation is ananoma-

lous stateof knowledge or information need,which promptsthe personto engagein

active information-seekingbehavior, suchassubmitting a queryto aninformation re-

trieval system. The query, that must be expressedin a languageunderstoodby the

5
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Figure2.1.A generalmodelof information retrieval.

6



system, is a representationof the information need. This is shown in the right-hand

sideof Figure2.1. Due to the inherentdif�culty of representinganomalousstateof

knowledges,the query in an information retrieval systemis always regardedasap-

proximate andimperfect.

On theothersideof Figure2.1,thefocusof attentionis theinformation resources

thattheuserof theinformationretrieval systemwill eventually access.Here,themodel

considerstheauthors of texts; thegroupingof texts into collections(e.g.,databases);

therepresentationof texts;andtheorganization of theserepresentationsinto databases

of text surrogates. A typical surrogatewould consistof a setof index termsor key-

words.

The comparisonof a query and surrogates,or in somecases,direct interaction

betweenthe userand the texts or surrogates(as in hypertext systems), leadsto the

selectionof possibly relevant retrievedtexts. Theseretrievedtexts arethenevaluated

or used,andeitherthe userwill leave the information retrieval system,or the evalu-

ation leadsto somemodi�cation of the query, the information need,or, morerarely,

the surrogates.The processof querymodi�cation throughuserevaluationis known

asrelevancefeedback [73] in information retrieval. In Section2.5.1, this processis

describedin detail.

2.2 Extr action of Index Terms

Not all wordsareequallysigni�cant for representingthesemanticsof a document.In

writtenlanguage,somewordscarrymoremeaningthanothers.Usually, nounwordsor

groupsof nounwordsaretheonesthataremostrepresentativeof adocumentcontent.

Therefore,it is usuallyconsideredworthwhileto preprocessthetext of thedocuments

in the collectionto determinethe termsto be usedas index terms. During this pre-

processingphase,otheruseful text operationscanbe performedsuchaselimination

of stopwords, stemming (reductionof a word to its grammaticalroot). Thosetext

operationsaredescribedin this section.

7



2.2.1 DocumentPreprocessing

Documentpreprocessingis a procedurewhich canbe divided mainly into four text

operationsor transformations:

(1) Lexical analysisof thetext with theobjective of treatingdigits, hyphens,punc-

tuationmarks,andthecaseof letters.

(2) Eliminationof stopwordswith theobjectiveof �ltering outwordswith very low

discriminationvaluesfor retrieval purposes.

(3) Stemming of the remainingwordswith the objective of removing af�x es(i.e.,

pre�xesandsuf�x es)andallowing theretrieval of documentscontainingsyntac-

tic variationsof queryterms(e.g.,connect,connecting,connected,etc).

(4) Selectionof index termstodeterminewhichwords/stemsorgroupsof wordswill

beusedasan indexing elements.Usually, thedecisionon whethera particular

wordwill beusedasanindex termis relatedto thesyntacticnatureof theword.

In fact, nounwords frequentlycarry moresemanticsthanadjectives, adverbs,

andverbs.

In thefollowing, eachof thesephasesis explainedin detail.

2.2.2 Lexical Analysisof the Text

Lexical analysisis theprocessof convertingastreamof thetext of thedocumentsinto

astreamof words(thecandidatewordsto beadoptedasindex terms).Thus,oneof the

majorobjectivesof the lexical analysisphaseis the identi�cation of thewordsin the

text. At �rst glance,all thatseemsto beinvolvedis therecognitionof spacesasword

separators.However, thereis more to it thanthis. For instance,the following four

particularcaseshave to be consideredcarefully: digits, hyphens,punctuationmarks,

andtheloweranduppercaseof theletters.

Numbersareusuallynotgoodindex termsbecausethey areinherentlyvaguewith-

outasurroundingcontext. Thus,it is wiseto disregardnumbersasindex terms.How-

ever, we also have to considerthat digits might appearmixed within a word. For

instance,̀510B.C.' is a clearly importantindex term. In this case,it is not clearwhat

rule shouldbeapplied.A preliminary approachto treatingdigits in thetext might be

8



to removeall wordscontainingsequencesof digits unlessspeci�edotherwisethrough

regularexpressions.

Hyphensposeanotherdif�cult decisionto the lexical analyzer. Breaking up hy-

phenatedwordsmight beusefuldueto inconsistency of usage.For instance,this al-

lows treating`state-of-the-art'and`stateof the art' identically. However, therewere

wordswhich includehyphensasanindispensablepartsuchas`gilt-edge,' 'B-49,' and

soon. Again, themostsuitableprocedureseemsto adopta generalrule andspecify

theexceptionsona caseby casebasis.

Punctuationmarksare usually removed entirely in the processof lexical analy-

sis. While somepunctuationmarksare an integral part of the word (for instance,

`510B.C.'), removing themdoesnot seemto have an impactin retrieval performance

becausetherisk of misinterpretationin thiscaseis minimal. In fact,if theuserspeci�es

`510B.C.' in his query, removal thedot both in thequerytermsandin thedocuments

will not affect retrieval. However, very particularscenariosmight againrequirethe

preparationof a list of exceptions.For instance,if aportionof aprogramcodeappears

in thetext, it mightbewiseto distinguishbetweenthevariables̀ x.id' and`xid.' In this

case,thedotmarkshould notberemoved.

The caseof lettersis not usually important for the identi�cation of index terms.

As a result,thelexical analyzernormallyconvertsall thetext to eitherlower or upper

case. However, oncemore,very particularscenariosmight requiredistinction to be

made. For instance,when looking for documentswhich describedetailsaboutthe

commandlanguageof a Unix-like operatingsystem, the usermight explicitly desire

thenon-conversionuppercasesbecausethis is theconvention in theoperatingsystem.

Moreover, part of the semanticsmight be lost dueto caseconversion. For instance,

thewordsBankandbankhavedifferentmeanings.This factis commonto many other

pairsof words.

All thesetext operationscanbeimplementedwithout dif�culty . However, careful

thought shouldbe given to eachone of them becausethey might have a profound

impactatdocumentretrieval time.

2.2.3 Elimination of Stopwords

Wordsthataretoo frequentamongthedocumentsin thecollectionarenot gooddis-

criminators.In fact,awordwhichoccursin 80%of thedocumentsin thecollectionis

9



uselessfor purposesof retrieval. Suchwordsareoftenreferred to asstopwordsandare

normally�ltered outaspotentialindex terms.In addition, thestopwordsarewordsthat

doesnot carry meaningin naturallanguage.Generally, semantics of nounsis easier

to identify andto graspsincenounshave meaningby themselves. Therefore,articles,

prepositions,andconjunctionsarenaturalcandidatesfor a list of stopwords.

Eliminationof stopwordscontributesto reducingthesizeof theindexing structure

considerably. In fact,it is commonto obtaina compressionin thesizeof theindexing

structureof 40%or moresolelywith theeliminationof stopwords.

Sincestopword elimination alsoprovidesfor compressionof the indexing struc-

ture, the list of stopwords might be extendedto include words other than articles,

prepositions,andconjunctions.For instance,someverbs,adverbs,andadjectivescould

betreatedasstopwords.SMART system[78], that is a traditionalretrieval systemfor

English documents,providesa list of 571stopwords1.

Oneof theproblemsin elimination of stopwordsis to reducerecall. For instance,

let usconsiderauserwho is looking for documentscontainingthephrasè to beor not

tobe.' In thiscase,eliminationof stopwordsmightleavenotermsmakingit impossible

to properlyrecognizethedocumentswhich containthe phrasespeci�ed. This is one

additional reasonfor theadoptionof a full text index by someWebsearchengines.

2.2.4 Stemming

A useroften speci�esa querybut only a variantof this word is presentin a relevant

document.Plurals,gerundforms,andpasttensesuf�x esareexamplesof syntactical

variationswhichpreventaperfectmatchbetweenaquerywordandarespectivedocu-

mentword. Thisproblemcanbepartiallyovercomewith thesubstitution of thewords

by their respectivestems.

A stemis the portion of a word which is left after the removal of its af�x es(i.e.,

pre�xesandsuf�x es). A typical example of a stemis the word connectwhich is the

stemfor thevariantsconnected, connecting, connection, andconnections. Stemsare

thought to beusefulfor improving retrieval performancebecausethey reducevariants

of thesamerootwordto acommonconcept.Furthermore,stemminghasthesecondary

effect of reducingthe size of the indexing structurebecausethe numberof distinct

1ftp://ftp.cs.cornell.edu/pub/smart/english.stop
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index termsis reduced.

While the argumentsupportingstemmingseemssensible,thereis controversyin

theliteratureaboutthebene�tsof stemming for retrieval performance.In fact,differ-

entstudiesleadto rathercon�icting conclusions.Frakes[29] compareseightdistinct

studiesonthepotentialbene�tsof stemmingandconcludesthattheresultsof theeight

experimental studiesheexploreddo not reachasatisfactoryresultsalthoughhefavors

theusageof stemming. As a resultof thesedoubts,many Websearchenginesdo not

employ any stemming algorithmwhatsoever.

In af�x removal, themostimportantpart is suf�x removal becausemostvariants

of a word aregeneratedby the introductionof suf�x es. While the Lovins algorithm

[58], thePaice/Huskalgorithm[67] is well known suf�x removal algorithms,themost

popularoneis thatby Porter[68] becauseits simplicity andelegance.Theprogramof

thePorteralgorithmin C, Java,andPerlis alsoprovided2.

2.3 Retrieval Models

In thissection,weshow thefollowing threeclassicinformationretrieval models:

(1) theBooleanmodel,

(2) thevectorspacemodel,

(3) theprobabilistic model.

In the following discussion,let t i be an index term, d be a document,andwd
t i

be a

weightassociatedwith t i in d. This weightquanti�es theimprtanceof theindex term

for describingthe documentsemanticcontents.In addition,let m be the numberof

distinct index termsin thesystemandt i beagenericindex term.T = f t1; t2; � � � ; tmg

is the setof all index terms. A weight wd
t i

is associatedwith eachindex term t i of a

documentd. For anindex termwhich doesnot appearin thedocumenttext, wd
t i

= 0.

With thedocument, d is associatedwith anindex termvectorw d representedby

w d = (wd
t1

; wd
t2

; � � � ; wd
tm

). Furthermore,let gi be a function that returnsthe weight

associatedwith theindex termt i in any m-dimensionalvector(i.e.,gi (t i ) = wd
t i

). We

assumethat index term weightsaremutually independent.In otherwords,knowing

2http://www.tartarus.org/˜martin/PorterStemmer/
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theweightwd
t i

tellsusnothingabouttheweightwd
t i +1

. This is asimpli�cation because

occurrencesof index termsin adocumentarenotuncorrelated.

2.3.1 BooleanModel

The Booleanmodel is a simpleretrieval modelbasedon set theoryandBooleanal-

gebra. Sincethe conceptof a set is quite intuitive, the Booleanmodel provides a

framework which is easyto graspby a commonuserof an informationretrieval sys-

tem. Furthermore,thequeriesarespeci�ed asBooleanexpressionsthathave precise

semantics.Given its inherentsimplicity andneatformalism, the Booleanmodelre-

cievedgreatattentionin pastyearsandwasadoptedby many of theearlycommercial

bibliographicsystems.

However, theBooleanmodelhasthe following two drawbacks.First, its retrieval

strategy is basedon a binary decisioncriterion (i.e., a documentis predictedto be

eitherrelevantor non-relevant) without any notionof a ranking,which preventsgood

retrieval performance.Second,while Booleanexpresionshaveprecisesemantics,it is

not often simple to translatean informationneedinto a Booleanexpression. In fact,

most users�nd it dif�cult andawkward to expresstheir query requestsin termsof

Booleanexpressions. TheBooleanexpressions actuallyformulatedby usersareoften

quitesimple. Despitethesedrawbacks,the Booleanmodelis thestandardmodelfor

currentlargescale,operationalinformationretrieval systems.

TheBooleanmodelconsidersthatindex termsarepresentor absentin adocument.

As a result, the index term weightsareassumedto be all binary, i.e., wd
t i

2 f 0; 1g.

A query Q is composedof index terms linked by threeconnectives: not, and, or.

Thus, a query is essentiallya conventional Booleanexpressionthat can be repre-

sentedasa disjunction of conjunctive vectors(i.e., in disjunctive normalform). For

instance,the query[Q = ta ^ (: tb _ tc)] canbe written in disjunctive normalform

as[Qdnf = (1; 1; 1) _ (1; 0; 1) _ (1; 0; 0)], whereeachof thecomponents is a binary

weightedvectorassociatedwith the tuple (ta; tb; tc). Theseweightedbinaryvectors

arecalledthe conjunctive componentsof Q dnf . Figure2.2 illustratesthe threecon-

junctivecomponents for thequeryQ.

In summary, the Booleanmodel is de�ned as Figure 2.3. The Booleanmodel

predictsthat eachdocumentis eitherreleventor non-relevant. Thereis no notion of

a partial match to the query conditions. For instance,let d be a documentwhere
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t a t b

t c

(1,1,1)

(1,0,0)

(1,0,1)

Figure2.2.Thethreeconjunctivecomponentsfor thequery[Q = ta ^ (: tb _ tc)].

� �

De�nition Booleanmodel

For the Boolean model, the index term weight variablesare all binary, i.e.,

wd
t i

2 f 0; 1g. A query Q is a conventional Booleanexpression. Let Q dnf be

disjunctive normalform for the queryQ. In addition,let Q cc beany of the con-

junctive components of Qdnf . The similarity sim(d;Q) of a documentd to the

queryQ is de�ned asfollows:

sim(d;Q) =

8
<

:
1; if 9Qccj(Qcc 2 Qdnf ) _ (8t i ; gi (w d) = gi (Qcc))

0; otherwise

If sim(d;Q) = 1 thentheBooleanmodelpredictsthatthedocumentd is relevant

to thequeryQ. Otherwise,thepredictionis thatthedocumentis not relevant.
� �

Figure2.3. De�nition of theBooleanmodel.
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d = (0; 1; 0). Documentd includestheindex termtb but is considerednon-relevantto

thequery[Q = ta ^ (: tb _ tc)].

The main advantagesof the Booleanmodel are the cleanformalism behindthe

modelandits simplicity. Ontheotherhand,themaindisadvantageis thatexactmatch-

ing may lead to retrieval of too few or too many documents.Nowadays,it is well

known that index term weightingcan lead to a noticeableimprovementin retrieval

performance.

2.3.2 Vector SpaceModel

The vectorspacemodel [76] recognizesthat the useof binary weightslike Boolean

model is too limi ting andproposesa framework wherepartial matchingis possible.

This is accomplishedby assigning non-binaryweightsto index termsin queriesand

in documents.Thesetermweightsareutlimatelyusedto computesimilarity between

eachdocumentstoredin thesystemandtheuserquery. By sortingtheretrieveddocu-

mentsin decreasingorderof this similarity, thevectormodeltakesinto accountdocu-

mentswhichmatchthequerytermsonly partially. Themainresultanteffect is thatthe

rankeddocumentanswersetis a lot moreprecisein thesenseit bettermatchestheuser

information needthanthedocumentanswersetretrievedby theBooleanmodel. The

vectorspacemodelcanbe summarizedasFigure2.4. Therefore,a documentd and

a userqueryq arerepresentedasm-dimensionalvectorsasshown in Figure2.5. The

vectormodelproposesto evaluatesimilarity of documentsd with regardto thequery

q asthecorrelationbetweenthevectorsw d andQ. This correlationcanbequanti�ed,

for instance,by thecosineof theangle� betweenthesetwo vectors.In otherwords,
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sim(w d; Q) =
w d � Q

jw dj � jQj

=
P m

i=1 wd
t i

� qt iq P m
i=1 (wd

t i
)2

q P m
i=1 (qt i )2

;

wherejw dj andjQj arethenormsof thedocumentandqueryvectors.ThefactorjQj

doesnot affect the rankingbecauseit is thesamefor all documents.Thefactorjw dj

providesanormalizationin thespaceof thedocuments.

Sincewd
t i

� 0 andqt i � 0, sim(w d; Q) variesfrom 0 to +1. Thus, insteadof

attemptingto predictwhetheradocumentis relevantor not,thevectormodelranksthe

documentsaccordingto their similarity to thequery. A documentmight be retrieved

evenif it matchesthequeryonly partially. For instance,onecanestablisha threshold

onsim(w d; Q) andretrievethedocumentswith similarity abovethatthreshhold. But,

in order to computerankings,we �rst needto specify how index term weightsare

obtained.Index termweightscanbecalculatedin many differentways. Saltonet al.

[78] reviewsa varietyof term-weightingtechniques.

In the vectorspacemodel,the raw frequency of a term t i insidea documentd is

quanti�ed. Suchterm frequency is usuallyreferred to asthe TF factorandprovides

onemeasureof how well thattermdescribesthedocumentcontents.Furthermore,the

inverseof the frequency of a term t i amongthe documentsin the collection is also

quanti�ed. This factor is usually referredto as the InverseDocumentFrequencyor

theIDF factor. Themotivation for usageof an IDF factoris that termswhich appear

in many documentsarenot very usefulfor distinguishinga relevantdocumentfrom a

non-relevantone.
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� �

De�nition Vectorspacemodel

For thevectorspacemodel,theweightwd
t i

is positiveandnon-binary. Furthermore,

theindex termsin thequeryarealsoweighted.Letqt i betheweightof queryvector

Q. Then,thequeryvectorQ is de�ned asQ = (qt1 ; qt2 ; � � � ; qtm ) wherem is the

total numberof index termsin thesystem. As before,thevectorfor adocumentd

is representedby w d = (wd
t1

; wd
t2

; � � � ; wd
tm

).

Let N bethetotalnumberof documentsin thesystemanddf (t i ) bethenumberof

documentswheretheindex termt i appears.Let tf (t i ; d) betheraw frequency of

termt i in thedocumentd (i.e., thenumberof timesthetermt i is mentionedin the

text of thedocumentd). Then,thenormalizedfrequency tf nr m (t i ; d) of termt i in

documentd is givenby,

tf nr m (t i ; d) =
tf (t i ; d)

P m
j =1 tf (t j ; d)

:

If the termt i doesnot appearin thedocumentd thentf nor m (t i ; d) = 0. Further-

more,let idf (t i ), inversedocumentfrequency for t i , begivenby,

idf (t i ) = log
N

df (t i )
:

Thebestknown term-weightingschemesuseweightsthataregivenby,

wd
t i

= tf nr m (t i ; d) � idf (t i )

=
tf (t i ; d)

P m
j =1 tf (t j ; d)

� log
N

df (t i )
;

or variationof this formula. The term weightingstrategiesdescribedabove are

calledTF-IDF schemes.
� �

Figure2.4.De�nition of thevectorspacemodel.
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Figure2.5. VectorSpaceModel.
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Saltonet al. [77] examineseveralvariationsof theexpression describedin Figure

2.4 for the weight wd
t i
. However, in general,the above expressionshouldprovide a

goodweightingschemefor many collections.

For thequerytermweights,they suggest,

q(t i ) =

 

0:5 +
0:5 � Qf (t i )
P m

j =1 Qf (t j )

!

� log
N

df (t i )
; (2.1)

whereQf (t i ) is theraw frequency of thetermt i in thetext of thequeryq.

Themainadvantagesof thevectorspacemodelare:(1) its term-weightingscheme

improves retrieval performance;(2) its partial matchingstrategy allows retrieval of

documentsthatapproximatethequeryconditions;and(3) its cosinerankingformula

sortsthedocumentsaccordingto theirsimilarity to thequery. Theoretically, thevector

modelhasthedisadvantagethatindex termsareassumedto bemutually independent.

Despiteits simplicity, thevectorspacemodelis effectiverankingstrategywith gen-

eralcollections.It yieldsrankedanswersetswhicharedif�cult to improveonwithout

queryexpansionor relevancefeedback(seeSection2.5.1)within theframework of the

vecorspacemodel. Although a largevarietyof alternative rankingmethodshasbeen

comparedwith thevectorspacemodel,theconsensusseemsto bethat,in general,the

vectorspacemodeleithersuperioror almostasgoodastheknown alternatives. Fur-

thermore,it is simple andfast.For thesereasons,thevectorspacemodelis a popular

retrieval modelnowadays.

2.3.3 Probabilistic Model

Robertsonet al. [72] introducedtheclassicprobabilistic model. Themodellaterbe-

cameknown astheBinary IndependenceRetrieval (BIR) model.

Theprobabilistic modelis basedon thefollowing fundamentalassumption.

Givenauserqueryq, theprobabilistic modelassignsto eachdocumentd, asamea-

sureof its similarity to thequery, theratio,P (d relevant-toq)/P (d non-relevant-toq)

which computesthe likelihood of thedocumentd beingrelevant to thequeryq. Tak-

ing the likelihoodof relevanceasthe rankminimizestheprobabilityof anerroneous

judgement[103, 32]. Theprobabilistic modelcanbesummarizedasshown in Figure

2.6
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� �

De�nition Probabilistic model

For the probabilistic model, the index term weight variablesare all binary i.e.,

wd
t i

2 f 0; 1g, wqi 2 f 0; 1g. A queryq is a subsetof index terms.Let R betheset

of documentsknown(or initially guessed)to berelavent.Let �R bethecomplement

of R (i.e., thesetof non-relevantdocuments).Let P(Rjd) betheprobability that

thedocumentd is relevant to thequeryq andP( �Rjd) be theprobability thatd is

non-relevant to q. The similarity sim(d;q) of the documentd to the queryq is

de�ned theratio,

sim(d;q) =
P(Rjd)
P( �Rjd)

:

� �

Figure2.6. De�nition of theprobabilistic model.

UsingBayes'rule, theequationde�ned in Figure2.6canbeexpressedasfollows:

sim(d;q) =
P(djR) � P(R)
P(dj �R) � P( �R)

:

P(djR) standsfor theprobability of randomlyselectingthedocumentd from theset

R of relevantdocuments. In addition,P(R) standsfor theprobabilitythatadocument

randomlyselectedfrom the entirecollection is relevant. The meaningsattachedto

P(dj �R) andP( �R) areanalogousandcomplementary.

P(R) andP( �R) arethesamefor all thedocumentsin thecollection,in otherwords,

they areconstants.Therefore,

sim(d;q) �
P(djR)
P(dj �R)

:

Assuming independenceof index terms,

sim(d;q) �
Q

gi (d)=1 P(t i jR) �
Q

gi (d)=0 P(�t i jR)
Q

gi (d)=1 P(t i j �R) �
Q

gi (d)=0 P(�t i j �R)
:

P(t i jR) standsfor theprobability that the index termt i is presentin a documentran-

domly selectedfrom thesetR. P(t i j �R) standsfor theprobability that the index term
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t i is notpresentin adocumentrandomlyselectedfrom thesetR. Theprobabilitiesas-

sociatedwith theset �R havemeaningswhich areanalogousto theonesjustdescribed.

Takinglogarithms, recallingthatP(t i jR) + P(�t i jR) = 1, andignoringfactorswhich

areconstantfor all documentsin thecontext of thesamequery, wecan�nally write,

sim(d;q) �
mX

i =1

qt i � wd
t i

�

 

log
P(t i jR)

1 � P(t i jR)
+ log

1 � P(t i j �R)
P(t i j �R)

!

;

which is a key expressionfor rankingcomputation in theprobabilistic model.

Sincewedonotknow thesetR at thebeginning, it is necessaryto deviseamethod

for initially computing theprobabilitiesP(t i jR) andP(t i j �R).

In thevery beginning (i.e., immediatelyafterthequeryspeci�cation),thereareno

retrieveddocuments. Therefore,onehasto makesimplifying assumptionssuchas:

(a)assumethatP(t i jR) is constantfor all index termst i (typically, eqaulto 0.5),and

(b) assumethatthedistributionof index termsamongthenon-relevantdocumentscan

beapproximatedby thedistributionof index termsamongall documentsin thecollec-

tion. Thesetwo assumptionsyield,

P(t i jR) = 0:5;

P(t i j �R) =
df (t i )

N
;

where,asalreadyde�ned , df (t i ) is thenumberof documentswhichcontaintheindex

term t i andN is the total numberof documentsin the collection. Given this initial

guess,wecanthenretrievedocumentswhichcontainquerytermsandprovideaninitial

probabilistic rankingfor them.After that,this initial rankingis improved asfollows.

Let V beasubsetof adocumentsinitially retrievedandrankedby theprobabilistic

model. For instance,sucha subsetcan be de�ned as the top r ranked documents

wherer is a previously de�ned threshold. Furthermore,let Vi be the subsetof V

composedof thedocumentsin V which containthe index termt i . For simplicity, we

alsousejV j andjVi j to denotethenumberof elementsin thesesets.For improving the

probabilistic ranking,we needto improve our guessesfor P(t i jR) andP(t i j �R). This

canbeaccomplishedwith thefollowing assumptions: (a)wecanapproximateP(t i jR)

by thedistribution of theindex termt i amongthedocumentsretrievedsofar, and

(b) we canapproximate P(t i j �R) by consideringthatall the non-retrieveddocuments

arenon-relevant.With theseassumptions,wecanwrite,
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P(t i jR) =
jVi j
jV j

;

P(t i j �R) =
df (t i ) � jVi j

N � jV j
:

Thisprocesscanthenberepeatedrecursively. By doingso,weareableto improveon

our guessesfor the probabilitiesP(t i jR) andP(t i j �R) without any assistancefrom a

humansubject.However, wecanalsouseassistancefrom theuserfor de�nition of the

subsetV asoriginally conceived.

The last formulasfor P(t i jR) andP(t i j �R) poseproblemsfor small valuesof V

andVi suchasV = 1 andVi = 0. To alleviate theseproblems,anadjustment factor
df (t i )

N is oftenaddedasfollows:

P(t i jR) =
jVi j + df (t i )

N

jV j + 1
;

P(t i j �R) =
df (t i ) � jVi j + df (t i )

N

N � jV j + 1
:

2.4 Retrieval Evaluation

In aninformationretrieval system,sincetheuserqueryrequestis inherentlyvague,the

retrieveddocumentsarenotexactanswers.However, they haveto berankedaccording

to the relevanceto their query. Suchrelevancerankingintroducesa componentthat

playsa centralrole in information retrieval. Therefore,information retrieval systems

requirethe evaluationof how precisethe answerset is. This type of evaluationis

referredto asretrieval performanceevaluation.

In this section,we discussretrieval performanceevaluation for information re-

trieval systems. Suchan evaluationis usually basedon a test reference collection

andon anevaluation measure.Thetestreferencecollectionconsistsof a collectionof

documents, asetof exampleinformationrequests,andasetof relevantdocumentspro-

videdby specialistsfor eachexampleinformationrequest.Givenaretrieval strategy S,

for eachexampleinformationrequest,theevaluation measurequanti�es thesimilarity

betweenthesetof documentsretrievedby S andthesetof relevantdocuments(answer
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sets)providedby the specialists. This providesan estimation of the goodnessof the

retrieval strategy S.

In the following discussion,we �rst explain the two mostpopularretrieval eval-

uationmeasures:recall and precision. We also explain alternative evaluation mea-

suressuchasthe E-measureand the harmonicmeanthat is often referredto asthe

F -measure.

2.4.1 Recall and Precision

Let usconsideranexampleinformationrequestI andits setR of relevantdocuments.

Let jRj be thenumberof documentsin this set. Furthermore,let jRaj be thenumber

of documentsin theintersectionof thesetsR andA. Figure2.7shows thesesets.

Therecallandprecisionmeasuresarede�ned asfollows:

Recall

Thismeasureis thefractionof therelevantdocuments(thesetD R in Figure2.7)which

havebeenretrieved,i.e.,

Recall =
jDRa j
jDR j

: (2.2)

Precision

This measureis the fraction of the retrieved documents(the set D A in Figure 2.7)

which is relevant,i.e.,

Precision =
jDRa j
jDA j

: (2.3)

Recallandprecision,asde�ned by Equation(2.2)and(2.3),respectively, assumethat

all documentsin the answersetDA at once. Instead,the documentsin DA are�rst

sortedaccordingto a degreeof relevance,in otherwords,a rankingis generated.The

userthenexaminesthis ranked list startingfrom the top document.In this situation,

therecallandprecisionmeasuresvaryastheuserproceedswith his/herexaminationof

theanswersetDA . Thus,properevaluationrequiresplotting a precisionversusrecall

curveasfollows.
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Figure2.7.Recallandprecisionfor agiven exampleinformationrequest.
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As before,considera referencecollectionandits setof exampleinformationre-

quests.Let usfocusonagiven exampleinformationrequestwhereaqueryq is formu-

lated.Assumethata setRq containing therelevantdocumentsfor q hasbeende�ned.

Without lossof generality, assumefurtherthatthesetRq is composedof thefollowing

documents,

Rq = f d2; d6; d8; d17; d21; d35; d47; d52; d78; d83g:

Thus,accordingto a groupof specialists,therearetendocumentswhich arerelevant

to thequeryq.

Now, let usconsideranew algoritmwhichhasjustbeendesigned.For thequeryq,

assumethatthis algorithmreturnsa rankingof thedocumentsin theanswersetasthe

following.

Rankingfor queryq:

1. d52? 6. d12 11. d3 16. d35? 21. d47? 26. d28

2. d38 7. d2? 12. d11 17. d15 22. d37 27. d97

3. d25 8. d48 13. d8? 18. d107 23. d36 28. d82

4. d21? 9. d66 14. d58 19. d83? 24. d61 29. d17?

5. d5 10. d78? 15. d72 20. d23 25. d6? 30. d45

The documentsthat arerelevant to the queryq aremarked with a starafter the doc-

umentnumber. If we examinethis ranking,startingfrom the top document,we can

observe the following points. First, the documentd52 which is ranked asnumber1

is relevant. Furthermore,this documentcorrespondsto 10%of all the relevantdocu-

mentsin thesetRq. Thus,wecansaythatwehaveaprecisionof 100%at10%recall.

Second,thedocumentd21 which is rankedasnumber 4 is thenext relevantdocument.

At this point,we cansaythatwe have a precisionof 50%(two documentsout of four

are relevant) at 20% recall (two of ten relevant documentshave beenseen). Third,

if we proceedwith our examination of thegeneratedranking,we canplot a curve of

precisionversusrecall asshown in Figure2.8. This precisionversusrecall curve is

usuallybasedon 11standard recalllevelswhich are0%,10%,20%,� � � ,100%.
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In theabove example,theprecisionandrecall �gures arefor a singlequery. Usu-

ally, however, retrieval algorithmsareevaluatedby runningthemfor several distinct

queries.In thiscase,adistinct precisionversusrecallcurveis generatedfor eachquery.

To eveluatetheretrieval performanceof analgorothmoverall testqueries,weaverage

theprecision�gures ateachrecalllevel asfollows:

�P(r ) =
NqX

i =1

Pi (r )
Nq

;

where �P(r ) is the averageprecisionat the recall leval r , Nq is the numberof used

queries,andPi (r ) is theprecisionat recall level r for thei th query.

The curve of precisionversusrecall which resultsfrom averagingthe resultsfor

variousqueriesis usuallyreferred to asprecisionversusrecall �gures. Suchaverage

�gures arenormallyusedto comparetheretrieval performanceof distinct retrieval al-

gorithms. For example,onecouldcompareretrieval performanceof anewly proposed

retrieval algorithmwith the retrieval performanceof the classicvectorspacemodel.

Figure2.9 illustratesaverageprecisionversusrecall �gures for two distinct retrieval

algorithms, (a) and(b). In this case,the algorithm(a) hashigherprecisionat lower

recall levelswhile thealgorithm(b) is superiorathigherrecall levels.

Averageprecisionversusrecall �gures are now standardevaluation strategy for

information retrieval systemsandareusedwidely in theinformationretrieval literature.

They areusefulbecausethey allow usto evaluatequantatively boththequality of the

overallanswersetandthebreadthof theretrieval algorithm.

Averageprecisionversusrecall �gures areusefulfor comparingtheretrieval per-

formanceof distinct algorithms over a set of examplequeries. However, thereare

situationsin whichwewould liketo comparetheretrieval performanceof ourretrieval

algorithms for the individual queries. In this case,a singleprecisionvaluefor each

querycanbeused.This singlevalueshouldbeinterpretedasa summary of thecorre-

sponding precisionversusrecallcurve. Usually, this singlevaluesummary is takenas

theprecisionat a speci�ed recall level. For instance,we couldevaluatetheprecision

whenweobservethe�rst relevantdocumentandtake thisprecisionasthesinglevalue

summary.
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Average Precisionat SeenRelevantDocuments

The ideahereis to generatea singlevaluesummaryof the rankingby averagingthe

precision�gures obtainedaftereachnew relevantdocumentis observedin theranking.

For instance,considertheexamplein Figure2.8. Theprecision�gures aftereachnew

relevantdocumentis observedare1.0,0.5,0.43,0.4,0.38,0.375,0.368,0.364,0.36,

and 0.34. Thus, the averageprecisionat seenrelevant documentsis given by (1.0

+ 0.5 + � � � + 0.34)/10or 0.45. This measurefavors systemswhich retrieve relevant

documentquickly (i.e.,earlyin theranking).

R-Precision

Theideahereis to generatea single valuesummaryof therankingby computingthe

precisionat the Rth position in the ranking,whereR is the total numberof relevant

documentsfor the currentquery(i.e., the numberof documentsin the setRq). For

instance,considertheexamplesin Figure2.8. Thevalueof R-precisionis 0.4 for this

examplebecauseR = 10 andtherearefour relevant documents amongthe �rst ten

documentsin theranking.TheR-precisionmeasureis ausefulparameterfor observing

thebehavior of analgorithmfor eachindividualqueryin anexperiment.Additionally,

onecanalsocomputeanaverageR-precision�gure overall queries.

PrecisionHistograms

The R-precisionmeasuresfor several queriescan be usedto comparethe retrieval

history of two algorithmsas follows. Let RPA (i ) and RPB (i ) be the R-precision

valuesof the retrieval algorithmsA andB for the i th query. For instance,de�ne the

difference,

RPA=B (i ) = RPA (i ) � RPB (i ):

A valueof RPA=B (i ) equalto 0 indicatesthat both algorithms have equivalentper-

formancefor the i th query. A positive valueof RPA=B (i ) indicatesa betterretrieval

performanceby algorithmA for the i th querywhile a negative valueindicatesa bet-

ter retrieval performanceby algorithmB. Figure2.10illustratestheRPA=B (i ) values

for two hypotheticalretrieval algorithmsover tenexamplequeries.The algorithmA
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is superiorfor sevenquerieswhile thealgorithmB performsbetterfor thethreeother

queries(numbered3,7,and10). Thistypeof bargraphis calledaprecisionhistogram.

2.4.2 Alter nativeMeasures

Despitetheir popularity, sincerecall and precisionare not always the most appro-

priatemeasuresfor evaluatingretrieval performance,alternative measureshave been

proposedover theyears.In thefollowing,webrie�y review someof them.

The Harmonic Mean (F -Measure)

As discussedabove,asinglemeasurewhichcombinesrecallandprecisionmightbeof

interest.Onesuchmeasureis theharmonicmeanF of recallandprecision[48] which

is computedas,

F (j ) =
2

1
r (j ) + 1

P (j )

=
2r (j )P(j )

r (j ) + P(j )
;

wherer (j ) is therecall for the j th documentin theranking,P(j ) is theprecisionfor

the j th documentin the ranking, andF (j ) is the harmonicmeanof r (j ) and P(j )

(thus, relative to the j th documentin the ranking). The function F assumesvalues

in the interval [0,1]. It is 0 whenno relevantdocumentshave beenretrievedandis 1

whenall rankeddocuments arerelevant. Furthermore,theharmonicmeanF assumes

a high valueonly whenboth recall andprecisionarehigh. Therefore,determination

of themaximium valuefor F canbeinterpretedasanattemptto �nd thebestpossible

compromise betweenrecall and precision. This measureis often referred to as F -

measure.

The E-Measure

Anothermeasurewhichcombinesrecallandprecisionwasproposedby vanRijsbergen

[103] andis calledtheE evaluation measure.Theideais to allow theuserto specify

whetherhe/sheis moreinterestedin recallor in precision.TheE-measureis de�ned
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asfollows:

E(j ) = 1 �
1 + b2

b2

r (j ) + 1
P (j )

;

wherer (j ) is therecall for the j th documentin theranking,P(j ) is theprecisionfor

the j th documentin the ranking, E(j ) is the E evaluationmeasurerelative to r (j )

andP(j ), andb is a userspeci�ed parameterwhich re�ects the relative importance

of recallandprecision.For b = 1, theE(j ) measureworksasthecomplementof the

harmonicmeanF (j ). Valuesof bgreaterthan1 indicatethattheuseris moreinterested

in precisionthanin recallwhile valuesof bsmallerthan1 indicatethattheuseris more

interestedin recall thanprecision.

2.5 Related Techniquesof Inf ormation Retrieval

2.5.1 RelevanceFeedback

Relevancefeedback[73] is themostpopularqueryreformulationstrategy. In a rele-

vancefeedbackcycle, theuseris presentedwith a list of theretrieveddocumentsand

marksthosethatarerelevantafterexamining them. In practice,only thetop 10 or 20

rankeddocumentsneedto beexamined.Themainideaconsistsof selectingimportant

terms,or expressions,attachedto thedocumentsthathave beenidenti�ed asrelevant

by the user, andof enhancingthe importanceof thesetermsin a new query formu-

lation. Theexpectedeffect is that thenew querywill be movedtowardsthe relevant

documentsandaway from thenon-relevantones.

Early experiments usingtheSMART system[76] andlaterexperimentsusingthe

probabilistic weightingmodel [72] have shown good improvementsin precisionfor

smalltestcollectionswhenrelevancefeedbackis employed.Suchimprovementscome

from the useof two basictechniques:queryexpansion (additionof new termsfrom

relevantdocuments)andtermreweighting(modi�cation of termweightsbasedon the

userrelevancejudgement).

Relevancefeedbackpresentsthefollowing mainadvantagesover otherqueryrefor-

mulation strategies: (a) it shieldstheuserfrom thedetailsof thequeryreformulation

processbecauseall theuserhasto provide is a relevancejudgementon documents;

(b) it breaksdown thewholesearchingtaskinto a sequenceof small stepswhich are
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easierto grasp;and(c) it providesa controlledprocessdesignedto emphasizesome

terms(relevantones)andde-emphasizeothers(non-relevantones).

In thefollowing,wediscusstheusageof userrelevancefeedbackto expandqueries

with thevectorspacemodel.

Query Expansionand Term Reweightingfor the Vector SpaceModel

The applicationof relevancefeedback to the vector spacemodel considersthat the

term-weightvectorsof thedocumentsidenti�ed asrelevantto agiven queryhavesim-

ilaritiesamongthemselves,i.e., relevantdocumentsresembleeachother. Further, it is

assumedthat non-relevantdocumentshave term-weightvectorswhich aredissimilar

from theonesfor the relevantdocuments. Thebasicideais to reformulatethequery

suchthatit getscloserto theterm-weightvectorspaceof therelevantdocuments.

Let us de�ne someadditional terminologyregardingthe processingof a given

queryq asfollows:

D r : setof relevant documents, as identi�ed by the user, amongthe retrieved docu-

ments;

Dn : setof non-relevantdocumentsamongtheretrieveddocuments;

Cr : setof relevantdocumentsamongall documents in thecollection;

jD r j; jDn j; jCr j: numberof documentsin thesetsD r , Dn , andCr , respectively;

� , � , 
 : tuningconstants.

Consider�rst theunrealisticsituation wherethecompletesetCr of relevantdocuments

to agivenqueryq is known in advance.In suchasituation,it canbedemonstratedthat

thebestqueryvectorfor distinguishingtherelevantdocumentsfrom thenon-relevant

documentsis given by thefollowing equation:

Qopt =
1

jCr j

X

8d2 Cr

d j �
1

N � jCr j

X

8d =2 Cr

d j (2.4)

Theproblemwith this formulationis that therelevantdocumentswhich composethe

setCr arenot known a priori. Thenaturalway to avoid this problemis to formulate

aninitial queryandto incrementallychangetheinitial queryvector. This incremental

changeis accomplishedby restrictingthecomputation to thedocumentsknownto be
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relevant (accordingto the userjudgement) at that point. Therearethreeclassicand

similar waysto calculatethemodi�ed queryQmod asfollows:

Standard Rocchio: Qmod = � Qorg +
�

jD r j

X

d j 2 D r

d j �



jDn j

X

d j 2 D n

d j ;

I de Regular : Qmod = � Qorg + �
X

d j 2 D r

d j � 

X

d j 2 D n

d j ;

I de Dec H i : Qmod = � Qorg + �
X

d j 2 D r

d j � 
 maxnon � r elevant (d j )

wheremaxnon � r elevant (d j ) is areferenceto thehighestrankednon-relevant document.

Noticethatnow D r andDn standfor thesetsof relevantandnon-relevant documents

(amongtheretrievedones)accordingto theuserjudgement,respectively. In theorig-

inal formulations, Rocchio[73] �x ed� = 1 andIde [44] �x ed� = � = 
 = 1. The

expressions above are modernvariants. The currentunderstandingis that the three

techniquesyield similar results(in the past,Ide Dec-Hi wasconsideredslightly bet-

ter).

The Rocchioformulationis basicallya directadaptationof Equation (2.4) where

the original queryareadded. The motivation is that the original queryq may prac-

tically containimportantinformation. Usually, the information containedin relevant

documentsis more important than the information provided by non-relevant docu-

ments[78]. This suggests making the constant
 smaller than the constnat� . An

alternativeapproachis to set
 to 0 whichyieldsapositivefeedbackstrategy.

The main advantagesof the above relevancefeedbacktechniquesare simplicity

andgoodresults.Thesimplicity is dueto thefact that themodi�ed termweightsare

computeddirectly from thesetof retrieveddocuments.Thegoodresultsareobserved

experimentally andaredue to the fact that the modi�ed queryvectordoesre�ect a

portionof the intendedquerysemantics.Themaindisadvantageis thatno optimality

criterionis adopted.
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2.5.2 Inf ormation Extraction

While informationretrieval systemscancollectusefulmaterialsuchastexts from vast

�elds of raw material,aninformationextractionsystemstartswith acollectionof such

texts, thentransformstheminto informationthatis morereadilydigestedandanalyzed

(seeFigure 2.11). It isolatesrelevant text fragments,extractsrelevant information

from the fragments,and thenpiecestogetherthe targetedinformation in a coherent

framework. For example,an article may discusschemicalgases,temperatures,and

materialspeci�cations,but only oneor two of theseitemsmay be of interestto the

humananalyst.Theaimof informationextractionresearch is to build systemsthat�nd

and link relevant information while ignoring extraneousand irrelevant information.

Figure2.12shows the basiccomponentsof a typical information extractionsystem.

Most information extractionsystems dependon off-line components to producethe

dataand rules. Two aspectsof preprocessingare commonto most of information

extractionsystems:

� Part-of-speechtaggingprogramsto allow preliminary recognitionof phrasal

unitsin sentences,

� Special-purposerulesto recognizethesemanticclassesof phrasalunits,includ-

ing company names,places,people'snames,andequipmentnames.

Informationextractionhasnumerouspotentialapplications.For example,infor-

mationavailablein unstructuredtext canbe translatedinto traditionaldatabasesuser

canprobethroughstandardqueries.Supposewe wantto trackthepro�ts of Japancar

manufacturersandcomparethemwith thoseof Europeancarmanufacturers.Relevant

information includescompany name,company nationality, the fact that thecompany

is in thecar industry, andtheamounttheandcurrency of its pro�ts. An information

extractionsystemthat tracksnews releasein this area,updatinga databaseasthe in-

formationbecomesavailable,canhelpdetecttrendsassoonaspublic announcements

aremade. Other informationextractionsystemsmight processnews events,includ-

ing meetingsof important people,formationof new companies,andannouncements

of new products. Meanwhile, information retrieval systemscould bene�t from the

extractedinformationto constructsensitive indicesmorecloselylinked to the actual

meaningof aparticulartext.
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Early information extractionsystemdevelopment is exempli�ed by the following

systems:

� Oneof the earliestinformationextractionsystems,which operatedon texts of

unrestrictedtopics,wasimplementedby DeJong[25,26]. Usinganewswirenet-

work asits datasource,DeJong'sprogram,calledFRUMP soughtto matcheach

new storywith arelevantscriptonthebasisof keywordsandconceptualsentence

analysis.FRUMP wasasemanticallyorientedsystemthatuseddomain-speci�c

expectations to instantiateeventdescriptions basedonscriptalknowledge.

� An evenearlierproject– before1970– for extractingusefulinformationfrom

text wasdirectedby Sagerof the Linguistic String Projectgroupat New York

University [75]. Sponsoredby the AmericanMedical Association,this work

soughtto convert patientdischargesummariesto form suitablefor useasinput

to a traditionalConferenceon DataSystemsLanguages(CODASYL) database

managementsystem.

� In 1980,Silva et al. [88] extractedsatellite-�ight informationfrom reportspro-

ducedby monitors aroundthe world, but the systemwas restrictedto single

sentencesandlackedamethodology for extractingcompleteeventdescriptions.

� Zarri [106] startedworkingoninformationextractionsystemsin theearly1980s.

The texts he useddescribedthe activities of variousFrenchhistorical �gures.

Thesystemsoughtto extract information on therelationshipsandmeetingsbe-

tweenthesepeople.

� In 1981,Cowie [22] developedan information extractionsystemthatextracted

canonicalstructuresfrom �eld-guide descriptions of plantsandanimals. The

systemusedsimple informationto populatea �x ed-recordstructure.

In addition,the following early commercialinformation extractionsystems were

alsodeveloped.Thissignsviability of informationextractionsystems.

� ATRANS was the earliestinformation extraction systemto be deployed as a

commercialproduct[59]. That wasdesignedto handlemoney-transfertelexes

in internationalbanking. It usedsentenceanalysistechniquessimilar to those
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in FRUMP describedabove andexploited the fact that the contentof money-

transfertelexes is highly predictable. ATRANS demonstratedthat relatively

simple languageprocessingtechniquesareadequatefor informationextraction

applications narrow in scopeandutility.

� JASPERis an informationextractionsystemthatextractsinformationfrom re-

ports on corporateearnings[1], achieving robust naturallanguageprocessing

capabilitiesthroughtemplate-driventechniquesfor languageanalysisoperating

on small sentencefragments.JASPERdevelopmentdependson a manualin-

spectionof the systemin action,alongwith ongoingsystemevaluations using

representative testsets.

� SCISORis a prototype incorporatinginformation extractioninto an integrated

system[70] that usespartial analysisof the text to carry out its processing.A

�ltering processselectsonly articleson corporatemergersandacquisitions,ex-

tractinginformationontargetandsuitor companiesanddollar-per-shareamounts.

Theseitemsarestoredin aknowledgebasethathandlesqueries.

Recently, in the �eld of life science,knowledgedescribedin literatureis actively

usedwith regardto protein-proteininteractions.However, in thecaseof utilizingsuch

knowledge,the main problemsarethe following: (1) �ndings describedin the form

of languagecan be understoodonly when researchersreadeachpaperoneby one;

(2) even if �ndings in a paperrelateto �ndings in otherpapers,their correlationcan

be identi�ed only by researcherswho readthesepapers;(3) if thenumberof related

�ndings reachesthe tensof thousands,the work of indentifying correlative �ndings

sprinkled in papersandorganizingthemasa knowledgesystembecomesenormous

Therefore,in orderto alleviatetheseproblems,wecanreferto severalapproachesthat

extract informationon protein-proteininteractionsfrom biological literature. For ex-

ample,theapproachesbasedon using(1) surfaceexpressionsof thesentenceswithin

biological literature[9], (2) a full parser[85, 30, 105], and(3) templates[42, 100].

However, in the surfaceexpressionapproach,it is extremelydif�cult to de�ne man-

ually comprehensive rules of extracting information on protein-protein interactions.

In the full parserapproach,it hasoftenbeenpointedout that theprocessingspeedis

slow andthattheresultshaveambiguity. In addition, thetemplateapproachcansuffer
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from thesameproblemsthatarisein thesurfaceexpressionandfull parserapproaches.

Therefore,it is necessaryto automatically acquiretherulesof extractinginformation

on protein-protein interactionswithout de�ning therulesmanuallyandwithout using

a full parser. Moreover, biological literaturecommonlycontains(1) many unknown

wordssuchascompoundnames,aswell asoriginal propernounscoinedby the pa-

per's authors;(2) non-alphabeticalcharacterssuchas“()”, “-” andso on; and(3) a

varietyof verbalformssuchasindicative, passive,gerundive, andsoon. Furthermore,

Ding et al. [27] foundthat it is effective to analyzea sentenceasa unit for extracting

information on theinteractionsof two objects.On thebasisof thesepoints,in orderto

identify sentencesdescribinginformationonprotein-proteininteractions, weproposed

an approachof automaticallyconstructingthe classi�er by several machinelearning

approachestrainedby thefeaturesthatexpressthecharacteristicsof biological litera-

ture[94]. It is expectedthattheseresearcheswouldhighly usefulto supportbiologists'

research.
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An article
A breakthrough into Eastern Europe was achived by
McDonald's, the American fast food restaurant chain
recently through an agreement with Hungary's most 
successful agricultural company, Babolna, which is to 
provide most of the raw materials. Under the joint venture,
five McDonald's "eateries" are being opened in Budapest,
which, until now atleast, has been the culinary capital of
Eastern Europe.

<ENTITY-1735-12>:=
NAME: McDonald's
NATIONALITY: U.S. (COUNTRY)
TYPE: Company

<ENTITY-1735-13>:=
NAME: Babolna
NATIONALITY: Hungary (COUNTRY)
TYPE: Company

Figure2.11.InformationExtractiontransforminga text'sstructures.

Filtering

Part-of-speech
Tagging

Semantic
Tagging

Parsing

Discourse
Reference

Output
Generation

Text Level
Determines relevance of text or parts of text 
based on word statistics or the occurrence of 
particular patterns.

Word Level
Marks words with their part of speech. 
Usually use statistical methods trained 
from pretaggedtext.

Noun Phrase Level
Recognizes major phrasal units in the domain
and marks them with semantic information. 

Sentence Level
Maps the phrasal elements into a structure
showing the relationship between them. 

Inter-sentence Level
Overlaps and merges structures produced 
by the parser. Recognizes and unifies 
referring expressions 

Sentence Level
Formats output to the predefined 
output form. 

Figure2.12.Typical informationextractionsystemcomponents.
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2.5.3 Inf ormation Filtering

Information�ltering is a nameusedto describea variety of processesinvolving the

delivery of information to peoplewho needit. In a �ltering task,a userpro�l e de-

scribingtheuser'spreferencesis constructed.Suchapro�le is thencomparedwith the

incomingdocumentsin anattemptto determinethosewhichmightbeof interestto this

particularuser. For instance,this approachcanbeusedto selecta news articleamong

thousands of articleswhich arebroadcasteachday. Otherpotentialscenariosfor the

applicationof �ltering includetheselectionof preferred judicial decisions,or these-

lectionof articlesfrom daily newspapers,etc. Information�ltering hasthe following

characteristicsor features:

� An information �ltering systemis an informationsystemdesignedfor unstruc-

turedor semistructureddata.This contractswith a typical databaseapplication

that involvesvery structureddata,suchasemployeerecords.E-mail messages

areanexampleof semistructureddatain thatthey havewell-de�nedheader�elds

andunstructuredtext body.

� Information�ltering systems dealprimarily with textual information. In fact,

unstructured datais often usedasa synonym for textual data. It is, however,

moregeneralthanthat,shouldincludeothertypesof datasuchasimages,voice,

andvideothatarepartof multimediainformationsystems.

� Information�ltering systemsinvolve largeamountof datasuchasgigabytesof

text, or muchlargeramountsof othermedia.

� Filteringapplications typically involve largeamountof data,eitherbeingbroad-

cast by remotesourcessuchas newswire services,or sentdirectly by other

sourceslikeemail.

� Filteringis basedondescriptionsof individualor groupinformationpreferences,

oftencalledpro�les. Suchpro�les typically representlong-terminterests.

� Filtering is oftenmeantto imply theremoval of datafrom anincoming stream,

ratherthan�nding datain thatstream.In theformercase,theusersof thesystem

seewhatis left afterthedatais removed;in thelattercase,they seethedatathat

is extracted.
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Distribution of texts
(E-mail, news article, etc.)

Distribution
and representation

Authors of texts

Text surrogates

User or groups of users 
with periodoc or long-term 

goals, tasks, etc.

Regular information interests

Representation

Profiles

Retrieved texts

Use

Modification

Evaluation

Relevance feedback

Comparison
or Filtering

Figure2.13.A generalmodelof information�ltering.
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Basedon thegeneralmodelof information retrieval in Figure2.1,andthedescrip-

tion of information�ltering featuresdescribedabove, a modelof information�ltering

thatappearsto describethemajorentitiesandprocessinvolvedis illustratedin Figure

2.13. In this model, information �ltering begins with people(the users of the �lter -

ing system) who have relatively stable,long-term,or periodicgoalsor desires(e.g.,

accomplishing a work task,or beingentertained).Groups,aswell asindividuals,can

becharacterizedby suchgoals.Thesethenleadto regular information interests(e.g.,

keepingup-to-dateon a topic) thatmaychangeslowly over time asconditions, goals,

andknowledgechange.Suchinformationinterestsleadthepeopleto engagein rela-

tively passive formsof information-seekingbehavior, suchashaving texts broughtto

their attention.This is accomplishedby representationof theinformationinterestsas

pro� lesor queriesthatcanbeput to the�ltering system.Suchpro�les have generally

beenconstructedasgoodspeci�cationsof theinformation interests.

On the left side of Figure 2.13, the focus is on authors of texts, who are often

institutions,suchasnewspapers,aswell asindividuals. Theseinstitutions,or others,

suchasnewsgroups, undertake to distribute the texts as they aregenerated,so they

canbe broughtto user's attention. To accomplishthis, the texts arerepresentedand

comparedto thepro�les. Thecomparisonresultsin someof thetextsbeingbroughtto

theuser'sattention(beingretrieved).Thesetextsareused(or not)andareevaluatedin

termsof how well they respondto theinformation interestsandtheirmotivating goals.

Theevaluationmayleadto modi�cation of thepro�les andinformationinterests.The

modi�ed entitiesareusedin subsequentcomparisonprocess.

In comparinganddiscussing Figures2.1 and2.13,we notethat,at this ratherab-

stractlevel, theentitiesandprocessesrelevantto information�ltering arealmostiden-

tical to thosethatarerelevantto informationretrieval. Themajordifferencesappearto

be:

� Whereinformationretrieval is typically concernedwith singleusesof thesys-

tem,by a personwith a one-timegoalandone-timequery, information�ltering

is concernedwith repeatedusesof thesystem,by apersonor personswith long-

termgoalsor interests.

� Whereinformation retrieval recognizesinherentproblemsin the adequacy of

queriesas representationsof informationneeds,information �ltering assumes

thatpro�les canbecorrectspeci�cationsof informationinterests.
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� Whereinformationretrieval is concernedwith thecollectionandorganizationof

texts, information �ltering is concernedwith thedistribution of texts to groups

or individuals.

� Whereinformation retrieval is typically concernedwith the selectionof texts

from arelatively staticdatabases,information�ltering is mainlyconcernedwith

selectionor eliminationof texts from a dynamic datastream.

� Whereinformation retrieval is concernedwith responding to theuser's interac-

tion with texts within a single information-seekingepisode,information�lter -

ing is concernedwith long-termchangesover a seriesof information-seeking

episodes.
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Chapter 3

RelatedWork

3.1 Related Work on Web Search Basedon its Hyper-

link Structur es

Hyperlink structuresare one of the featuresof Web pages. Userscan navigate the

hugeWeb spaceeasilythroughthis hyperlink structures;therefore,many researches

onWebinformationretrieval havebeenfocusingontheWeb'shyperlink structures.In

this section,we review relatedwork of information retrieval systemsusingtheWeb's

hyperlinkstructures,especiallythesystemsbasedontheconceptof “optimaldocument

granularity”andthetwo mostpopularWebpageweightingalgorithms, HITS[50] and

PageRank[66].

3.1.1 Inf ormation Retrieval Systemsbasedon the Conceptof

“Optimal DocumentGranularity”

With respectto this researcharea,we refer to thefollowing works. Tajimaet al. [97]

presentedatechniquewhichuses“cuts” (resultsof Webstructureanalysis)asretrieval

units for the Web. Moreover, they extendedto rank searchresultsinvolved multi-

ple keywordsby (1) �nding minimal subgraphsof links andWebpagesincluding all

keywords;and(2) computing thescoreof eachsubgraphbasedon locality of thekey-

wordswithin it [96]. Following theseworks, Li et al. [55] introducedthe concept

of an “ information unit,” which canberegardedasa logical documentconsisiting of
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multiple physicalWebpagesasoneatomicretrieval unit, andproposedanovel frame-

work for documentretrieval by information units. However, theseapproachesrequire

considerableprocessingtime to analyzehyperlink structuresandto discover the se-

manticsof Webpages.In addition,while thesesystemscan�nd retrieval unitsexactly,

it oftenarisesthatthey �nd retrieval unitsirrelevantto theuserspeci�edqueryterms.

As for theseworks, we do not believe that userscould understandthe searchresults

intuitively, becausethesesystems returnthe searchresultswherethe multiple query

keywordsdispersein severalhyperlinkedWebpages.

3.1.2 HITS Algorithm

Kleinberg [50] originally developedtheHITS algorithmwhichwasappliedto theWeb

searchenginein theCLEVER project[43]. This algorithmdependson thequeryand

considersthesetof pagesS thatpoint to, or areredirectedto, pagesin theanswer. Web

pagesthat have many links pointing to themin S arecalledauthorities, while Web

pagesthathave many outgoing links arecalledhubs. That is to say, betterauthorities

comefrom incomingedgesfrom goodhubsandbetterhubscomefrom outgoingedges

to goodauthorities.Let H (p) andA(p) bethehubandauthorityscoreof pagep. These

scoresarede�ned suchthatthefollowing equationsaresatis�edfor all pagesp:

H (p) =
X

u2 Sjp! u

A(u);

A(p) =
X

v2 Sjv! p

H (v);

whereH (p) andA(p) arenormalizedfor all Web pages.Thesescorescanbe deter-

minedthroughaniterativealgorithm, andthey convergeto theprincipaleigenvectorof

thelink matrixof S.

SeveralresearchershaveextendedtheaboveoriginalHITS algorithm. For instance,

theARCalgorithmof Chakrabartiet al. [16] enhancedtheHITS algorithmwith tex-

tual analysis. ARC computes a distance-2neighborhoodgraphand weightsedges.

Theweightof eachedgeis basedon thematchbetweenthequerytermsandthe text

surrounding the hyperlink in the sourcedocument. In [7], Bharatet al. introduced

additional heuristicsto HITS algorithm by giving a documentanauthorityweightof

1=k if thedocumentis in a groupof k documentson a �rst hostwhich link to a sin-

gle documenton a secondhost,anda hubweightof 1=l if therearel links from the
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documenton a �rst hostto a setof documentson a secondhost. However, themajor

problemin this techniqueis thattheWebpagesthattherootdocumentpoint to getthe

largestauthoritiyscoresbecausethehubscoreof therootpagedominatesall theothers

whena Webpagehasfew in-links but a largenumberof out-links, mostof which are

not very relevant to thequery. In orderto solve this problem,Li et al. [54] proposed

a new weightedHITS-basedmethodthat assignsappropriateweightsto in-links of

root Web pagesandcombinedcontentanalysiswith HITS-basedalgorithm. In addi-

tion, Chakrabartiet al. [15, 18] considerednot merelythe text of Webpagebut also

theDocumentObjectModel (DOM) within theHTML. This improveson intermedi-

atework in the CLEVER project [43] that broke hubsinto piecesat logical HTML

boundaries.

3.1.3 PageRankAlgorithm

PageRank[66] simulatesa usernavigatingrandomlyin theWebwho jumpsto a ran-

dom pagewith probability d, or follows a randomhyperlink with probability 1 � d.

It is further assumedthat this usernever returnsto a previously visited pagefollow-

ing an alreadytraversedhyperlink backwards. This processcanbe modeledwith a

Markov chain,from which the stationary probability of beingin eachWeb pagecan

becomputed.Thisvalueis thenusedasapartof therankingmechanismemployedby

Google[11]. Let C(a) bethenumberof outgoing links from Webpagea andsuppose

thatWebpagesp1 to pn point to theWebpagea. Then,thePageRank,PR(a) of a is

de�ned as:

PR(a) = d + (1 � d)
nX

i =1

PR(pi )
C(pi )

;

wherethevalueof d is empiricallysetto about0.15-0.2by thesystem.Theweightsof

otherWebpagesarenormalizedby thenumberof links in theWebpage.PageRankcan

becomputedusinganiterativealgorithm,andcorrespondsto theprincipaleigenvector

of the normalizedlink matrix of the Web. The major problemsof this algorithm are

that (1) the contentsof Web pagesarenot analyzed,so the “importance”of a given

Web pageis independentof the query;and(2) speci�c famousWeb sitestendto be

rankedmorehighly. To yield moreaccuratesearchresults,Ra� ei et al. [69] proposed

usingthe setof Web pagesthat containsometermsasa biasset for in�uencing the
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PageRankcomputation,with thegoalof returningtermsfor which a givenpagehasa

highreputation.Furthermore,Haveliwala[36] proposedcomputingasetof PageRank

vectorsto capturemoreaccuratelythenotionof importancewith respectto aparticular

topic. In thenext section,wedescribehiswork in moredetail.

3.2 Related Work onWebSearchBasedon User'sPref-

erences

Thereareseveral typesof searchsystemsthat provide userswith information more

relevantto their individual needs.For example,we review relatedwork of hyperlink-

basedpersonalizedWeb search,personalizedWeb sites,recommendersystems, and

personalizedmultimediasystems.

3.2.1 Hyperlin k-BasedPersonalizedWebSearch

The�eld of Webinformationretrieval focuseson hyperlinkstructuresof theWeb,for

examplewith WebsearchenginessuchasGoogle1 [11] andtheCLEVERproject[43].

To addressseveral problemswith theseengines,i.e., (1) the weight for a Web page

is merelyde�ned, and(2) the relativity of contentsamonghyperlinkedWebpagesis

not considered,we proposedseveral approachesto re�ning the TF-IDF schemefor

Web pagesusingtheir hyperlinked neighboringpages[92, 93, 95]. In personalized

Websearches,thehyperlinkstructuresof theWebarealsobecomingimportant.The

useof personalizedPageRankto enablepersonalizedWebsearcheswas�rst proposed

in [66], whereit wassuggestedasa modi�cation of the global PageRankalgorithm,

which computesa universalnotionof importance.Thecomputationof (personalized)

PageRankscoreswasnot addressedbeyond the original algorithm. Haveliwala [36]

usedpersonalizedPageRankscoresto enable“topic sensitive” Websearchesasbrie�y

mentionedin theprevioussection.Speci�cally, precomputedhubvectorscorrespond-

ing to broadcategoriesin ODP(OpenDirectoryProject2) wereusedto biasimportance

scores,wherethevectorsandweightswereselectedaccordingto the text query. Ex-

perimentsin this work concludedthat the useof personalizedPageRankscorescan

1http://www.google.com/
2http://dmoz.org/
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improve a Websearch.However, experimentswereconductedbasedonly on context

associatedwith a query itself, andno experimentsbasedon a user's context suchas

browsing patterns,bookmarks,andsoon wereconducted.Therefore,it is not clearif

user-basedpersonalizationusingthis approachis effective. In addition,thenumberof

hubvectorsusedwaslimited to 16dueto thecomputational requirements,whichwere

notaddressedin thatwork. In orderto addressthisproblem,Jehetal. [46] proposedan

approachthatcanscalewell with thelargesizeof hubvectorsto realizepersonalized

Websearches.On theotherhand,Changet al. [19] proposedalgorithmsfor creating

“personallycustomizedauthority documents” to correspondmorecloselyto theuser's

internalmodelfollowing theconventionsof Kleinberg'sHITS algorithm [50].

3.2.2 PersonalizedWebSites

Link topology andthestructureandcontentsof Webpagesareoftenusedin thecon-

struction of personalizedWeb sites. In this section,we review the framework of

thesesystemswith regardto “Link Personalization,” “ContentPersonalization,” and

“Design-OrientedPersonalization.”

(a) Link Personalization

Thisschemeinvolvesselectingthelinks thataremorerelevantto theuserandchanging

theoriginalnavigationspaceby reducingor improving therelationshipsbetweenWeb

pages.E-commerceapplicationsuselink personalizationto recommenditemsbased

on thebuying historyof clientsor somecategorizationof clientsbasedon ratingsand

opinions.Userswhogivesimilar ratingsto similar objectsarepresumedto havesimi-

lar preferences,sowhenauserseeksrecommendationsaboutacertainproduct,thesite

suggeststhoserecommendationsthat aremostpopularfor his/herclassor thosethat

bestcorrelatewith thegivenproductfor thatclass.At theE-commercesite for Ama-

zon.com3 (the largestbookstoreon the Internet),link personalizationis widely used

to link thehomepagewith recommendations,new releases,shoppinggroups,etc. that

arepersonalized.At Amazon.com,thisapproachhasbeentakento anextremeby con-

structinga“New for you” homepageandpresentingit to eachuser, with new products

thattheusermaybeinterestedin. Additionally, Amazon.comusesimplicit recommen-

3http://www.amazon.com/
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dationsvia purchasehistoryand/orexplicit recommendations via “rate it” featuresto

generaterecommendationsof productsto purchase.In a recentstudy, Tsandilaset al.

[102] proposedasystemthatautomatically adaptslinks in thebrowsedpagesbasedon

their relevanceto theweightedtopicsspeci�edby slidersthatuserscanmanipulate.

(b) Content Personalization

In general,contentpersonalizationis donewhenpagespresentdifferentinformationto

differentusers.Thedifferencebetweenthis andthe link personalizationdescribedin

Section3.2.2(a)is subtlebecausepartof thecontents(i.e., the link anchors)presents

differentinformation whenlinks arepersonalized.However, contentpersonalization

is referred to whensubstantial informationin a Webpageis personalized,unlike link

anchors.For example, My Yahoo!4 [61] or My Netscape5 �lters the information that

is relevantto theuser, showing only sectionsanddetailsin which theusermaybein-

terested.Theusermayexplicitly indicatehis/herpreferences,or preferencesmaybe

inferred(semi-)automatically from his/herpro�le or from his/hernavigation activity.

At thesesites,userschoosea set of “modules” from a large set including weather,

news, musicandso on, and further personalizethesemodulesby choosinga setof

attributesof themodule to beperceived. Some“automatic”customization mayoccur

if theusersinput theirzip code,for instance,whenselectingasporteventthey maybe

interestedin. Theapproachfollowed in theseapplications is that theusersshouldbe

ableto “construct”theirown pagesandeventhelayoutmaybecustomized.However,

userpreferencesor demographicinformationare acquiredbasedon the prior ques-

tionnaire. Therefore,thesesiteshave two problems: (1) theusers'loadsbecomehigh

becausethesesystems heavily rely on theusers'inputs;(2) thesesitescannotadaptto

the changesin users'preferencesunlessthe userschangetheir previously registered

preferencesby themselves.

(c) Design-OrientedPersonalization

Althoughdesignissueswith regardto personalizationarejustnow beingintroducedto

theWebcommunity, we canrefer to thefollowing approachesin this context of Web

sitepersonalization.
4http://www.my.yahoo.com/
5http://my.netscape.com/
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TheWebSiteDesignMethod(WSDM) [101] focusesontheconstructionof “Audience-

driven” Webapplications. Requirementsfor eachpotentialuserpro�le aresystemati-

cally gatheredandaclassdiagramof userpro�les is constructed.Dif ferentnavigation

tracksarespeci�ed for eachaudiencethoughthereis no notationfor expressingindi-

vidualdifferences.WebModelingLanguage(WebML) [14] isanotationfor specifying

complex Websitesat theconceptuallevel. UsingthisWebML modelinglanguageand

its supporting software,it is possible to specifythestructureof theapplication's infor-

mationbase(structuralmodel),thestructureof nodes(composition model),thetopol-

ogy of links betweenpages(navigation model),the layout andgraphicrequirements

for pagerendering(presentationmodel),andthecustomizationfeaturesfor one-to-one

contentdelivery (personalizationmodel). WebML allows well-known Web patterns

and supportsdataderivation and usermodeling. Personalizationin WebML is ex-

pressedusingevent-condition-actionrules.While WebML is adata-orientedapproach,

Rossietal. [74] developedanobject-orientedmethodfor personalizationbasedonthe

ideathat Web applicationsarehypermediaapplications becauseusersnavigatea hy-

permediainformation spacecomposedof Web pagesconnectedby hyperlinks. They

presentedObject-OrientedHypermediaDesignMethod(OOHDM) approachesto con-

structingpersonalizedWeb applicationsfocusingon a design-orienteddiscussion of

personalization. In their approach,different Web applications for different pro�les

canbeconstructedby simply reusinga conceptualschema.In addition,they showed

that their notation andthe underlyingdesignframework bring concisespeci�cations

by reusingexisting ones. However, thesemethodsalsodo not considerthe dynamic

changesin users'preferences.

3.2.3 RecommenderSystems

It hasbecomeincreasinglydif�cult to searchfor useful informationon the Web be-

causethe amountof informationon the Web continuesto grow. Therefore,we get

the feeling of being overwhelmed by the numberof choices. This situation is of-

ten referred to as“information overload.” As oneof the mostpromising approaches

to alleviate this overload,recommendersystemshave emerged in domainssuchas

E-commerce,digital libraries,andknowledgemanagement.Thesesystemsprovide

personalizedsuggestionsbasedon userpreferences.Recommendersystems collect

userfeedbackin theform of ratingsfor itemsin a givendomainandexploit similari-

49



tiesanddifferencesamongpro�les of severalusersin determining how to recommend

an item. Therearetwo prevalentapproachesto constructingrecommendersystems–

collaborative �ltering-basedandcontent-basedrecommendation.

(a) CollaborativeFiltering-BasedRecommendation

Collaborative �ltering-basedrecommendationis themostsuccessfulrecommendation

techniqueto date.Thetermcollaborative �ltering wascoinedby Goldberg etal. [34].

Collaborative �ltering meansthatpeoplecollaborateto helponeanotherperform�l-

tering by recordingtheir reactionsto documentsthey read. Basedon this concept,

Goldberg et al. developed a systemcalledTapestrythat is oneof the earliestimple-

mentations of collaborative �ltering-basedrecommendation. This systemis usedto

�lter emailandit allows usersto annotatemessages.Annotationsbecameaccessible

asvirtual �elds of the messages,anduserscanformulate�ltering querieswhich ac-

cessthese�elds. Usersthencreatequeriessuchas“show me all of�ce memosthat

Bill thoughtwereimportant.” Thecollaborative �ltering providedby Tapestrywasnot

automated,anduserswererequiredto formulatecomplex queriesin a specialquery

languagedesignedfor thetask. In addition,this systemreliedon explicit opinionsof

peoplefrom aclose-knitcommunity, suchasagroupof of�ce workers.However, rec-

ommendersystemsfor largecommunitiesgenerallycannotdependoneveryoneknow-

ing eachother. Therefore,theframework in Tapestryis not appropriateto systemsfor

largecommunities.

Rating-basedautomatedcollaborative �ltering is quickly becominga popularap-

proachto reducinginformationoverloadby providing personalizedrecommendations

for information, productsor services. For example, the k-nearestneighborcollab-

orative �ltering-basedsystemsare achieving widespreadsuccesson the Web. The

GroupLensresearchsystem[71, 51], which �lters Usenetnews,�rst introducedanau-

tomatedcollaborative �ltering systemusingthe k-nearestneighbor-basedalgorithm.

In this algorithm, a subsetof appropriatek usersis chosenbasedon their similarity to

theactiveuser, andaweightedaggregateof their ratingis usedto generatepredictions

for theactive user. GroupLensthenrecommendsUsenetnews articlesto theseactive

users.

While theTapestryandGroupLensrely on explicit ratings,somesystemsrely on

implicit ratings. For example,Morita et al. [65] exploit “time-spent-reading”as a
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measureof implicit ratings. They observed strongpositive correlationsbetweenthe

timeusersspentreadingmessagesandthepersonalinterestratingsof thosemessages.

Theirwork suggeststhatit might bepossiblefor time-spent-readingmeasuresto stand

in for ratings,further reducingusertasks. PHOAKS (PeopleHelping OneAnother

Know Stuff) [98] also usesimplicit ratingsto constructa recommendersystemby

examining Usenetnews postings to �nd “endorsements”of Web sites. It then cre-

atesa listing of the top Web sitesendorsedin eachnewsgroup. Somerecommender

systems alsoexploreuserpreferences transparentlywithout any extra effort from the

userslike therecommendersystemsrelying on implicit ratingsdescribedabove. For

example,Letizia [56, 57] andWebWatcher[47] infer userpreferencesby observing

user-browsing behavior. However, themainshortcomings in Letizia andWebWatcher

are that they maintainpersistentandslowly-changingusermodelsandoverlook the

fact that differentbrowsing sessionsby the sameuseror even a singlesessionmay

involvedifferentuserinterestsandgoals.Moreover, Kelly etal. [49] havepublisheda

nicesummarywith regardto thesystemsusingimplicit measures.

Furthermore,at the E-commercesites such as Amazon.com,CDnow.com (the

largestCD storeon the Web) andMovieFinder.com (oneof the mostvisited movie

sites),automatedcollaborative�ltering systemshavebeenusedwith considerablesuc-

cess.Theirwidespreaduse,however, hasexposedsomeof their limi tationssuchas(1)

sparsityof theuser-itemratingmatrix,(2) scalability with thegrowth of thenumberof

usersandthenumberof item,and(3) cold-startproblemswhererecommendationsare

requiredfor itemsthatnoonehasyet rated.Theproblemsof sparsityareaddressedin

[81, 35] by incorporatingsemi-intelligent �ltering agentsinto thesystem.Theprob-

lems of scalability and high dimensionality in recommendersystems are discussed

in [8, 41]. Both sparsityandscalability issuesareaddressedsimultaneouslyin [79].

Moreover, thecold-startproblemis dealtwith in a probabilistic modelthatcombines

contentandcollaborative informationby usingexpectationmaximization learningin

[84].

(b) Content-BasedRecommendation

A content-basedapproachprovidesrecommendationsby comparingrepresentationsof

contentcontainedin anitem with representationsof contentthattheuseris interested

in. In this approach,a modelof userratingsis �rst developed.Algorithmsin this cat-
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egory useprobabilities andenvision the collaborative �ltering processby computing

the expectedvalueof a userpredictiongiven the user's ratingson other items. The

modelbuilding processis performedby threedifferentmachinelearningalgorithms:

(1) Bayesiannetwork, (2) clustering,and(3) rule-basedmodels. The Bayesiannet-

work model[10] constructsaprobabilistic modelfor acollaborative �ltering problem.

Clusteringmodeladdressescollaborative�ltering asaclassi�cationproblem[6, 10]. It

worksby clusteringsimilar usersin thesameclassandestimating theprobability that

a particularuseris in a particularclass;from thereit computestheconditionalproba-

bility of ratings.Therule-basedmodelappliesassociationrulediscovery algorithmsto

�nd associationsbetweenco-purchaseditems.It thengeneratesitemrecommendations

basedon thestrengthof theassociationbetweenitems[80].

The systemsdescribedin Section3.2.3(a)only provide recommendations based

on collaborative �ltering. However, somesystemsprovide betterrecommendations

by combiningcollaborative �ltering with contentinformation. Fab[5] usesrelevance

feedbackto simultaneouslyconstructa personal�lter alongwith a communal“topic”

�lter . Webpagesareinitially rankedby thetopic �lter andthensentto user'spersonal

�lters. Theuserthenprovidesrelevancefeedbackfor thatWebpage,andthis feedback

is usedto modify boththepersonal�lter andtheoriginating topic �lter . Basuetal. [6]

integratecontentandcollaborationin a framework wherethey treatrecommendation

as a classi�cation task. Melville et al. [63] overcomedrawbacksof collaborative

�ltering systemsin their recommendersystemby exploiting contentinformationof

items alreadyrated. In recentstudy on recommendersystems,Schaferet al. [83]

introducea new classof recommendersystemthat providesuserswith personalized

controloverthegenerationof asinglerecommendationlist formedfrom acombination

of rich datausingmultiple informationresourcesandrecommendationtechniques.

3.2.4 PersonalizedMultimedia Systems

Systemsrelatedto personalizationon the Web seemsto be mainly basedon text re-

trieval. However, personalizedsystemsin the �eld of multimediaarealsobeingde-

veloped.In music,Ringo[87] usescollaborative �ltering techniquesto provideusers

with recommendations for musicalbumsandartists. In addition,Ringo hassupport

for messageboards(independentof the recommendersystem),whereuserscandis-

cusstheir musicpreferences.CutomizedInternetRadio(CIR) [53] is an application
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thatschedulescontentretrieval from multiple Webradiostationsbasedon a schedule

that a usercon�gures. Field et al. [28] developeda systemfor personalizedaudio

calledPersonalDJ. BellcoreVideo recommendersystems [39] areemail andWeb-

basedandthey generaterecommendationsonmovies.Merialdoetal. [64] constructed

a systemthatpersonalizesTV news programto optimizethecontentvaluefor a spe-

ci�c userbasedonmanualcategorizationandautomatickeywordextraction.PTV [90]

is a contentpersonalizationsystemthatprovidespersonalizedTV listingsto users.In

[40], anapplicationfor providing andmanagingpersonalized,interactivevideoon the

WebusingSynchronizedMultimediaIntegration Language(SMIL) [99] is described.
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Chapter 4

WebSearch Basedon its Hyperlink

Structures

In informationretrieval systemsbasedon thevectorspacemodel,theTF-IDF scheme

is widely usedto characterizedocuments.However, in the caseof documentswith

hyperlink structuressuchasWebpages,it is necessaryto develop a techniquefor rep-

resentingthecontentsof Webpagesmoreaccuratelyby exploiting thecontentsof their

hyperlinkedneighboring pages.In this chapter, we �rst proposeseveralapproachesto

re�ning theTF-IDF schemefor a targetWebpageby usingthecontentsof its hyper-

linked neighboringpages,and then comparethe retrieval accuracy of our proposed

approaches.Experimentalresultsshow that,generally, moreaccuratefeaturevectors

of a target Web pagecanbe generatedin the caseof utilizing the contentsof its hy-

perlinkedneighboring pagesat levels up to secondin thebackwarddirectionfrom the

targetpage.

4.1 Intr oduction

TheWorld WideWeb(WWW) is ausefulresourcefor usersto obtainagreatvarietyof

information. Threebillion Webpagesarethelower boundthatcomesfrom thecover-

ageof searchengines[4], andit is obviousthatthenumberof Webpagescontinuesto

grow. Therefore,it is gettingmoreandmoredif�cult for usersto �nd relevantinforma-

tion ontheWWW. Underthesecircumstances,Websearchenginesareoneof themost

popularmethodsfor �nding valuableinformation effectively, andthey areclassi�ed
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into two generationsbasedon their indexing techniques[12]. In the �rst-generation

searchenginesdeveloped in theearlystagesof theWeb,only termsincludedin Web

pageswereutilizedasindices.Therefore,thetraditionaldocumentretrieval technique

wasmerelyappliedto Webpagesearches.However, Webpageshavepeculiarfeatures

suchashyperlinkstructuresor arein numberstoo large to searcheffectively. Conse-

quently, usersarenotsatis�edwith theeaseof useandretrieval accuracy of thesearch

enginesbecausesuchfeaturesof Web pagesarenot exploited in the �rst-generation

searchengines.

To dealwith theseproblems,in the second-generationsearchengines,thehyper-

link structuresof Webpagesaretakenintoaccount.Forexample,theapproachescalled

HITS (Hypertext InducedTopic Search) [50] (seeSection3.1.2)andPageRank[66]

(seeSection3.1.3)areappliedto thesearchengineof theCLEVER project[43] and

Google1 [11], respectively. In thesealgorithms, weightingWebpagesbasedonhyper-

link structuresachieveshigher retrieval accuracy comparedwith the �rst-generation

searchengines.However, thesealgorithmshave shortcomingsin that (1) the impor-

tancefor a Web pageis merelyde�ned; and(2) the relativity of contentsamonghy-

perlinkedWebpagesis notconsidered.Takingthesepointsinto account,Davison[24]

concentratedon textual contentandshowed that Web pagesare sigini�cantly more

likely to berelatedtopically to pagesto which they arelinked. Basedon this �nding,

hisresearchgrouphasreleasedthesearchengine“Teoma2” thatdoescontext-sensitive

HITS on the lines of the CLEVER project. This searchengineusesthe conceptof

“Subject-Speci�cPopularity[2],” which ranksa site basedon the numberof same-

subjectpagesthatreferenceit, not justgeneralpopularity, to determineasite's level of

authority. However, theproblemof Webpagesirrelevantto a user's queryoftenbeing

rankedhighly still remains.Hence,in orderto provideuserswith relevantWebpages,

it is necessaryto developa techniquefor representingthecontentsof Webpagesmore

accurately. In orderto achieve this purpose,we have proposedsomemethodsfor im-

proving a featurevectorfor a targetWebpage[93]. Our proposedmethods,however,

alsohaveaproblemin thatonly Webpagesout-linkedfrom atargetWebpageareused

in orderto generatethefeaturevectorof thetargetWebpage.SinceWebpagesusually

havein- andout- linkedpages,in thecaseof generatingamoreaccuratefeaturevector

1http://www.google.com/
2http://www.teoma.com/
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of a Web page,it is necessaryto useboth its in- andout- linked pages.Therefore,

in this chapter, we �rst proposethreeapproachesto re�ning theTF-IDF scheme[78]

for a targetWebpageusingboth its in- andout-linkedpagesin orderto representthe

contentsof thetargetWebpagemoreaccurately. Then,wecompareretrieval accuracy

of our proposedapproachesusingthere�ned featurevector. Our approachis novel in

re�ning TF-IDF basedfeaturevectorsof target Web pagesby re�ecting the contents

of theirhyperlinkedneighboringWebpages.

4.2 Proposed Methods

As we describedin Section3.1.1,theinformation retrieval systemsbasedon thecon-

ceptof “optimal documentgranularity”have a problem,in that thesearchresultsare

incomprehensible for users.Moreover, HITS [50] andPageRank[11] alsohave prob-

lems:(1) theweightfor aWebpageis merelyde�ned;and(2) therelativity of contents

amonghyperlinkedWebpagesis not considered.

On thebasisof theseproblems,thefeaturevectorof a Webpageshould begener-

atedby usingthe contentsof its hyperlinkedneighboring pagesin orderto represent

the contentsof Web pagesmoreaccurately. We, therefore,proposere�ning the TF-

IDF schemefor atargetWebpageby usingthecontentsof its hyperlinkedneighboring

pages.Unlikeresearchesdescribedin Section3.1,ourapproachis novel in re�ning the

TF-IDF basedfeaturevectorof a targetWebpageby re�ecting thecontentsof its hy-

perlinkedneighboringWebpages.Ourapproachis query-independent,andlink-based

computationsareperformedof�ine like PageRankalgorithm.At querytime, we only

computethesimilarity betweenthere�ned featurevectorandqueryvectorformulated

by userspeci�edquery. Therefore,thequery-timecostsarenot muchgreaterthanthe

HITS algorithm, whosequery-timecostsdependson thequery.

In the following discussion, let a target pagebe ptgt . Then, we de�ne i as the

lengthof theshortestdirectedpathfrom ptgt to its hyperlinkedneighboring pages.Let

us assumethat thereareN i Web pages(pi 1 ; pi 2 ; � � � ; pi N i
) in the i th level from ptgt .

Moreover, wedenotethefeaturevectorw ptg t of ptgt asfollows:

w ptg t = (wptg t
t1

; wptg t
t2

; � � � ; wptg t
tm ); (4.1)

wherem is the numberof distinct termsin the Web pagecollection, and t k (k =
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1; 2; � � � ; m) denoteseachterm. Using the TF-IDF scheme,we alsode�ne eachele-

mentwptg t
tk

of w ptg t asfollows:

wptg t
tk

=
tf (tk ; ptgt )

P m
s=1 tf (ts; ptgt )

� log
Nweb

df (tk)
; (4.2)

wheretf (tk ; ptgt ) is the frequency of termtk in the targetpageptgt , Nweb is the total

numberof Webpagesin thecollection,anddf (tk) is thenumberof Webpagesin which

termtk appears.Below, we referto w ptg t asthe“ initial featurevector.” Subsequently,

wedenotethere�ned featurevectorw 0ptg t asfollows:

w 0ptg t = (w0ptg t
t1

; w0ptg t
t2

; � � � ; w0ptg t
tm );

andreferto thisw 0ptg t asthe“re�ned featurevector.” In thischapter, weproposethree

approachesto re�ning the“initial featurevector”basedontheTF-IDF schemede�ned

by Equation(4.2)asfollows:

Method I

theapproachrelieson thecontentsof all Webpagesat levelsup to L (in )
th in theback-

ward directionandlevelsup to L (out )
th in the forward directionfrom the target page

ptgt ,

Method II

theapproachreliesonthecentroidvectorsof clustersgeneratedfrom Webpagegroups

createdateachleveluptoL (in )
th in thebackwarddirectionandeachlevelupto L (out )

th

in theforwarddirectionfrom thetargetpageptgt ,

Method II

theapproachreliesonthecentroidvectorsof clustersgeneratedfrom Webpagegroups

createdat levelsup to L (in )
th in thebackwarddirectionandlevelsup to L (out )

th in the

forwarddirectionfrom thetargetpageptgt .
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4.2.1 Method I

In this approach,we re�ect thecontentsof all Webpagesat levelsup to L (in )
th in the

backward directionandlevels up to L (out )
th in the forward directionfrom the target

pageptgt . Basedon the ideasthat (1) thereareWeb pagessimilar to the contentsof

ptgt in theneighborhood Webpagesof ptgt ; and(2) sinceononehandsuchWebpages

exist right nearptgt , on the otherhandthey might exist far removed from ptgt in the

vectorspace,were�ect thefollowing two factorsoneachelementof theinitial feature

vectorw ptg t :

Method I–i

thelengthof theshortestdirectedpathin thebackwardor forwarddirectionfrom ptgt

to its hyperlinkedneighboring pagesin theWebspace,

Method I–ii

thedistancebetweenw ptg t andfeaturevectorof in- andout-linkedpagesof ptgt in the

vectorspace.

For example,Figure4.1(a)shows thatw 0ptg t is generatedby re�ecting thecontentsof

all Webpagesat levelsup to secondin thebackwardandforwarddirectionsfrom ptgt

onw ptg t . In Figure4.1(a),pij ( in )
andpij ( out )

correspondto thej th pagein thei th level in

thebackwardandforwarddirectionsfrom ptgt , respectively. In addition,Figure4.1(b)

shows that re�ned featurevectorw 0ptg t is generatedby re�ecting eachfeaturevector

of in- andout-linkedpagesof ptgt on theinitial featurevectorw ptg t .

In MethodI–i, eachelementw0ptg t
tk

of w 0ptg t is de�ned asfollows:

w0ptg t
tk

= wptg t
tk

+

0

B
@

L ( in )X

i =1

N i ( in )X

j =1

w
pij ( in )
tk

N i ( in )
� i

1

C
A

+

0

B
@

L ( out )X

i =1

N i ( out )X

j =1

w
pij ( out )
tk

N i ( out )
� i

1

C
A : (4.3)

Equation(4.3)showsthattheproductof w
pij ( in )
tk

(weightof termtk in Webpagepij ( in )
)

andthereciprocalof i (thelengthof theshortestdirectedpathin thebackwarddirection
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from ptgt to its hyperlinkedneighboringpages),andsimilarly, theproductof w
pij ( out )
tk

(weightof termtk in Webpagepij ( out )
) andthereciprocalof i (thelengthof theshortest

directedpathin theforwarddirectionfrom ptgt to its hyperlinkedneighboring pages)

is addedto wptg t
tk

(weightof termtk in ptgt , computedby Equation(4.2))with respectto

all Webpagesat levels up to L (in )
th in thebackwarddirectionandlevelsup to L (out )

th

in theforwarddirectionfrom ptgt .

In MethodI-ii, eachelementw0ptg t
tk

of w 0ptg t is de�ned asfollows:

w0ptg t
tk

= wptg t
tk

+
1

Dim

0

B
@

L ( in )X

i =1

N i ( in )X

j =1

w
pij ( in )
tk

N i ( in )
� dis(w ptg t ; w pij ( in ) )

1

C
A

+
1

Dim

0

B
@

L ( out )X

i =1

N i ( out )X

j =1

w
pij ( out )
tk

N i ( out )
� dis(w ptg t ; w pij ( out ) )

1

C
A : (4.4)

Equation(4.4)showsthattheproductof w
pij ( in )
tk

(weightof termtk in Webpagepij ( in )
)

and the reciprocalof dis(w ptg t ; w pij ( in ) ) (the distancebetweenw ptg t andw pij ( in ) in

the vector space),and similarly, the productof w
pij ( out )
tk

(weight of term tk in Web

pagepij ( out )
) andthereciprocalof dis(w ptg t ; w pij ( out ) ) (thedistancebetweenw ptg t and

w pij ( out ) in thevectorspace)is addedto wptg t
tk

(weightof termtk in ptgt , computedby

Equation(4.2)) with respectto all Web pagesat levelsup to L (in )
th in the backward

directionandlevels up to L (out )
th in the forward directionfrom ptgt . If the distance

betweenw ptg t andw pij ( in ) ; w pij ( out ) in thevectorspaceis very close,thevaluesof the

secondandthird termsof Equation(4.4)canbedominantcomparedwith the�rst term

wptg t
tk

. Therefore,in order to prevent this phenomenon,we alsode�ne Dim, which

denotesthe numberof distinct termsin the Web pagecollection. dis(w ptg t ; w pij ( in ) )

anddis(w ptg t ; w pij ( out ) ) arede�ned by thefollowing equations,respectively:

dis(w ptg t ; w pij ( in ) ) =

vu
u
t

mX

k=1

(wptg t
tk

� w
pij ( in )
tk

)2;

dis(w ptg t ; w pij ( out ) ) =

vu
u
t

mX

k=1

(wptg t
tk

� w
pij ( out )
tk

)2:
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Figure4.1. The re�nementof a featurevectorasperformedby MethodI [(a) in the

Webspace,(b) in thevectorspace].
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4.2.2 Method II

In thisapproach,we�rst constructWebpagegroupsGi ( in )
ateachlevel upto L (in )

th in

thebackwarddirection,andGi ( out )
at eachlevel up to L (out )

th in theforwarddirection

from the target pageptgt . Then,we generatew 0ptg t by re�ecting centroidvectorsof

clustersgeneratedfrom Gi ( in )
andGi ( out )

on the initial featurevectorw ptg t . This ap-

proachis basedon theideathatWebpagesat eachlevel in thebackwardandforward

directionsfrom ptgt areclassi�edinto sometopicsin eachlevel. In addition,were�ect

thefollowing two factorsoneachelementof theinitial featurevectorw ptg t :

Method II–i

thelengthof theshortestdirectedpathin thebackwardor forwarddirectionfrom ptgt

to its hyperlinkedneighboring pagesin theWebspace,

Method II–ii

thedistancebetweenw ptg t andthecentroidvectorsof theclustersin thevectorspace.

In otherwords,we �rst createWebpagegroupsGi ( in )
andGi ( out )

whicharede�ned by

Equation(4.5)and(4.6)asfollows:

Gi ( in )
= f pi 1( in )

; pi 2( in )
; � � � ; piN i ( in )

g; (4.5)

Gi ( out )
= f pi 1( out )

; pi 2( out )
; � � � ; piN i ( out )

g; (4.6)

(i = 1; 2; � � � ; L);

andthenproduceK clustersin eachWebpagegroupGi ( in )
andGi ( out )

by meansof the

K -meansalgorithm[60]. Thecentroidvectorsw gic ( in ) andw gic ( out ) (c = 1; 2; � � � ; K )

are producedin Gi ( in )
and Gi ( out )

, respectively. We generatea re�ned featurevec-

tor w 0ptg t by re�ecting the two factorsdescribedabove on eachelementof the initial

featurevectorw ptg t . For instance,Figure4.2(a)shows that we constructWeb page

groupsG1( in )
; G2( in )

, G1( out )
, andG2( out )

ateachlevel up to thesecondin thebackward

andforwarddirectionsfrom ptgt , andgenerateare�ned featurevectorw 0ptg t by re�ect-

ing thecentroidvectorsof eachclusterproducedin eachWebpagegroupG1( in )
; G2( in )

,

G1( out )
, andG2( out )

, on w ptg t . Moreover, Figure4.2(b)shows that the re�ned feature

vectorw 0ptg t is generatedby re�ecting thecentroidvectorsof eachclusteron w ptg t .
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In MethodII–i, we de�ne eachelementw0ptg t
tk

of w 0ptg t asfollows:

w0ptg t
tk

= wptg t
tk

+

0

@
L ( in )X

i =1

KX

c=1

w
gic ( in )
tk

i

1

A

+

0

@
L ( out )X

i =1

KX

c=1

w
gic ( out )
tk

i

1

A : (4.7)

Equation(4.7) shows that theproductof w
gic ( in )
tk

(weightof termtk in centroidvector

w gic ( in ) of clusterc constructedfrom Gi ( in )
) andthe reciprocalof i (the lengthof the

shortestdirectedpathin thebackwarddirectionfrom ptgt to its hyperlinkedneighbor-

ing pages),andsimilarly, theproductof w
gic ( out )
tk

(weightof termtk in centroidvector

w gic ( out ) of clusterc constructedfrom Gi ( out )
) andthereciprocalof i (thelengthof the

shortestdirectedpathin theforwarddirectionfrom ptgt to its hyperlinkedneighboring

pages)areaddedto wptg t
tk

(weightof termtk in ptgt , computedby Equation(4.2))with

respectto all centroidvectorsconstructedat eachlevel up to L (in )
th in thebackward

directionandeachlevel up to L (out )
th in theforwarddirectionfrom ptgt .

In MethodII–ii, wede�ne eachelementw0ptg t
tk

of w 0ptg t asfollows:

w0ptg t
tk

= wptg t
tk

+
1

Dim

0

@
L ( in )X

i =1

KX

c=1

w
gic ( in )
tk

dis(w ptg t ; w gic ( in ) )

1

A

+
1

Dim

0

@
L ( out )X

i =1

KX

c=1

w
gic ( out )
tk

dis(w ptg t ; w gic ( out ) )

1

A : (4.8)

Equation(4.8) shows that theproductof w
gic ( in )
tk

(weightof termtk in centroidvector

w gic ( in ) of clusterc constructedfrom Gi ( in )
) andthe reciprocalof dis(w ptg t ; w gic ( in ) )

(thedistancebetweenw ptg t andw gic ( in ) in thevectorspace),andsimilarly, theprod-

uct of w
gic ( out )
tk

(weight of term tk in centroidvectorw gic ( out ) of clusterc constructed

from Gi ( out )
) andthereciprocalof dis(w ptg t ; w gic ( out ) ) (thedistancebetweenw ptg t and

w gic ( out ) in the vectorspace)areaddedto wptg t
tk

(weight of term tk in ptgt , computed

by Equation(4.2)) with respectto all centroidvectorsconstructedat eachlevel up to

L (in )
th in thebackwarddirectionandeachlevel up to L (out )

th in theforwarddirection
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from ptgt . In addition, we introduceDim for thepurposeof preventing thevaluesof

thesecondandthird termsfrom dominating comparedwith the�rst termin Equation

(4.8).dis(w ptg t ; w gic ( in ) ) anddis(w ptg t ; w gic ( out ) ) arede�ned asfollows:

dis(w ptg t ; w gic ( in ) ) =

vu
u
t

mX

k=1

(wptg t
tk

� w
gic ( in )
tk

)2;

dis(w ptg t ; w gic ( out ) ) =

vu
u
t

mX

k=1

(wptg t
tk

� w
gic ( out )
tk

)2:
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4.2.3 Method III

This approachis basedon the ideathatWebpagesat levelsup to L (in )
th in theback-

warddirectionandlevelsupto L (out )
th in theforwarddirectionfrom targetpageptgt is

composedof sometopics.Accordingto this idea,we clusterthesetof all Webpages

at levelsup to L (in )
th in thebackwarddirectionandlevelsup to L (out )

th in theforward

directionfrom ptgt , andgeneratew 0ptg t by re�ecting centroidvectorsof theclusterson

the initial featurevectorw ptg t . Furthermore,we re�ect the following two factorson

eachelementof theinitial featurevectorw ptg t :

Method III–i

thelengthof theshortestdirectedpathin thebackwardor forwarddirectionfrom ptgt

to its hyperlinkedneighboring pagesin theWebspace,

Method III–i i

thedistancebetweenw ptg t andthecentroidvectorof theclusterin thevectorspace.

In otherwords,we createWeb pagegroupsGi ( in )
andGi ( out )

asde�ned by Equation

(4.9)and(4.10),respectively,

Gi ( in )
= f p11( in )

; p12( in )
; � � � ; p1N 1( in )

;

p21( in )
; p22( in )

; � � � ; p2N 2( in )
;

pi 1( in )
; pi 2( in )

; � � � ; piN i ( in )
g; (4.9)

Gi ( out )
= f p11( out )

; p12( out )
; � � � ; p1N 1( out )

;

p21( out )
; p22( out )

; � � � ; p2N 2( out )
;

pi 1( out )
; pi 2( out )

; � � � ; piN i ( out )
g; (4.10)

(i = 1; 2; � � � ; L);

andproduceK clustersin Gi ( in )
andGi ( out )

by meansof theK -meansalgorithm[60].

The centroidvectorsw gc( in ) andw gc( out ) (c = 1; 2; � � � K ) areproducedin Gi ( in )
and

Gi ( out )
, respectively. Then,we generatethe re�ned featurevectorw 0ptg t by re�ecting

thetwo factorsdescribedaboveoneachelementof theinitial featurevectorw ptg t . For

instance,Figure4.3(a)shows that we constructWeb pagegroupsG2( in )
andG2( out )

at levels up to secondin thebackwardandforwarddirectionsfrom ptgt , andgenerate
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re�ned featurevector w 0ptg t by re�ecting the centroidvectorsof clustersproduced

in WebpagegroupG2( in )
andG2( out )

on the initial featurevectorw ptg t . Furthermore,

Figure4.3(b)showsthatre�ned featurevectorw 0ptg t is generatedby re�ecting centroid

vectorsof eachclusteron theinitial featurevectorw ptg t .

In MethodIII–i, eachelementw0ptg t
tk

of w 0ptg t is de�ned asfollows:

w0ptg t
tk

= wptg t
tk

+

0

@
KX

c=1

w
gc( in )
tk

i

1

A

+

0

@
KX

c=1

w
gc( out )
tk

i

1

A : (4.11)

Equation(4.11)shows that the productof w
gc( in )
tk

(weight of term tk in centroidvec-

tor w gc( in ) of clusterc generatedfrom Gi ( in )
) andthereciprocalof i (thelengthof the

shortestdirectedpathin thebackwarddirectionfrom ptgt to its hyperlinkedneighbor-

ing pages),andsimilarly theproductof elementw
gc( out )
tk

(weightof termtk in centroid

vectorw gc( out ) of clusterc generatedfrom Gi ( out )
) andthereciprocalof i (thelengthof

theshortestdirectedpathin theforwarddirectionfrom ptgt to its hyperlinkedneighbor-

ing pages)areaddedto wptg t
tk

(weightof termtk in ptgt computedby Equation(4.2)),

with respectto thenumberof clustersK .

In MethodIII–ii, eachelementw0ptg t
tk

of w 0ptg t is de�ned asfollows:

w0ptg t
tk

= wptg t
tk

+
1

Dim

0

@
KX

c=1

w
gc( in )
tk

dis(w ptg t ; w gc( in ) )

1

A

+
1

Dim

0

@
KX

c=1

w
gc( out )
tk

dis(w ptg t ; w gc( out ) )

1

A : (4.12)

Equation(4.12)shows thattheproductof w
gc( in )
tk

(weightof termtk in centroidvector

w gc( in ) of clusterc generatedfrom Gi ( in )
) andthereciprocalof dis(w ptg t ; w gc( in ) ) (the

distancebetweenw ptg t andw gc( in ) in the vectorspace),andsimilarly the productof

elementw
gc( out )
tk

(weight of term tk in centroidvectorw gc( out ) of clusterc generated

from Gi ( out )
) andthereciprocalof dis(w ptg t ; w gc( out ) ) (thedistancebetweenw ptg t and

67



w gc( out ) in thevectorspace)areaddedto wptg t
tk

(weightof termtk in ptgt computedby

Equation(4.2)),with respectto thenumberof clustersK . As mentionedin MethodI

andII, in orderto prevent thevalueof the secondandthird termsof equation(4.12)

from becomingdominantcomparedwith theoriginal termweightwptg t
tk

, we introduce

Dim, whichdenotesthenumberof distincttermsin theWebpagecollection.Wealso

de�ne dis(w ptg t ; w gc( in ) ) anddis(w ptg t ; w gc( out ) ) asfollows:

dis(w ptg t ; w gc( in ) ) =

vu
u
t

mX

k=1

(wptg t
tk

� w
gc( in )
tk

)2;

dis(w ptg t ; w gc( out ) ) =

vu
u
t

mX

k=1

(wptg t
tk

� w
gc( out )
tk

)2:
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4.3 Experiments

4.3.1 Experimental Setup

We conductedexperimentsin order to verify the retrieval accuracy of our threeap-

proachesdescribedin Section4.2. They wereimplementedusingPerl on a worksta-

tion (CPU: UltraSparc-II480 MHz� 4, Memory: 2 GBytes,OS: Solaris8), andthe

experiments wereconductedusingtheTRECWT10gtestcollection[37], which con-

tainsabout1.69mill ion Webpages.Stopwordswereeliminatedfrom all Webpages

in thecollectionbasedonthestopwordlist3 andstemming wasperformedusingPorter

Stemmer4 [68]. We formulatedqueryvectorQ usingthetermsincludedin the“title”

�eld in eachTopic from 451 to 500at the TRECWT10g testcollection. This query

vectorQ is denotedasfollows:

Q = (qt1 ; qt2 ; � � � ; qtm );

wherem is thenumberof distincttermsin theWebpagecollection,andt k

(k = 1; 2; � � � ; m) denotestheeachterm.Eachelementqtk of Q is de�ned asfollows:

qtk =

 

0:5 +
0:5 � Qf (tk)
P m

s=1 Qf (ts)

!

� log
Nweb

df (tk)
; (4.13)

(k = 1; 2; � � � ; m)

whereQf (tk); Nweb, anddf (tk) is thenumberof index termstk , the total numberof

Web pagesin the testcollection,andthe numberof Web pagesin which the term t k

appears,respectively. As reportedin [77], Equation(4.13) is the elementof a query

vectorthatbringsthebestsearchresult(seeEquation(2.1) in Section2.3.2).We then

computethesimilarity sim(w 0ptg t ; Q) betweenre�ned featurevectorw 0ptg t andquery

vectorQ. Thesim(w 0ptg t ; Q) is de�ned asfollows:

sim(w 0ptg t ; Q) =
w 0ptg t � Q

jw 0ptg t j � jQj
: (4.14)

In addition, wecomputeaverageR-precision �P basedon thefollowing equation:

�P =
1

Nq

NqX

n=1

Relqn

Rqn

; (4.15)

3ftp://ftp.cs.cornell.edu/pub/smart/english.stop
4http://www.tartarus.org/˜martin/PorterStemmer/

70



whereqn is thenth (n = 1; 2; � � � ; Nq) query, Rqn is thenumberof relevantdocuments

for qn , and Relqn is the numberof top Rqn relevant documentsthat systemreturns

(seeSection2.4.1). With regardto thesetof 50 retrieval tasks(Nq = 50), we apply

Equation(4.15)to evaluatethetop1000Webpagesthatourproposedmethodsreturn.

In order to verify the effectivenessof the threeproposedmethods describedin

Section4.2, we generatedthe re�ned featurevector w 0ptg t for initial featurevector

w ptg t of targetpageptgt with respectto thefollowing cases:

Method I [(MethodI–i), (MethodI–ii)]

(a) wherethecontentsof all Web pagesat levels up to L (in )
th in thebackward di-

rectionfrom ptgt re�ect on theinitial featurevectorw ptg t ,

(b) wherethecontentsof all Webpagesat levelsup to L (out )
th in theforwarddirec-

tion from ptgt re�ect on theinitial featurevectorw ptg t ,

(c) wherethecontentsof all Webpagesat levelsbothup to L (in )
th in thebackward

directionandupto L (out )
th in theforwarddirectionfrom ptgt re�ect ontheinitial

featurevectorw ptg t ,

Method II [(MethodII–i), (MethodII–ii)]

(a) wherethe centroidvectorsof clustersgeneratedby the groupof Web pagesat

eachlevel up to L (in )
th in thebackwarddirectionfrom ptgt re�ect on theinitial

featurevectorw ptg t ,

(b) wherethe centroidvectorsof clustersgeneratedby the groupof Web pagesat

eachlevel up to L (out )
th in the forward directionfrom ptgt re�ect on the initial

featurevectorw ptg t ,

(c) wherethe centroidvectorsof clustersgeneratedby the groupof Web pagesat

eachlevel bothup to L (in )
th in thebackwarddirectionandup to L (out )

th in the

forwarddirectionfrom ptgt re�ect on theinitial featurevectorw ptg t ,
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Method III [(MethodIII–i), (MethodIII–ii)]

(a) wherethecentroidvectorsof clustersgeneratedby thegroupof all Webpages

at levels up to L (in )
th in the backward directionfrom ptgt re�ect on the initial

featurevectorw ptg t ,

(b) wherethecentroidvectorsof clustersgeneratedby thegroupof all Webpagesat

levelsupto L (out )
th in theforwarddirectionfrom ptgt re�ect ontheinitial feature

vectorw ptg t ,

(c) wherethecentroidvectorsof clustersgeneratedby thegroupof all Webpages

at levelsup to L (in )
th in thebackward directionandlevels up to L (out )

th in the

forwarddirectionfrom ptgt re�ect on theinitial featurevectorw ptg t .

4.3.2 Experimental Results

Figures4.4 and4.5 illustratethe averageprecisionwhen the valuesof L (in ) , L (out ) ,

[L (in ) ; L (out ) ] vary in MethodI–i andii, respectively. Figures4.7 to 4.9 andFigures

4.10to 4.12illustratetheaverageprecisionwhenthenumberof clustersK variesin

MethodII–i andii, respectively. Moreover, Figures4.13to 4.15andFigures4.16to

4.18illustratetheaverageprecisionwhenthenumberof clustersK variesin Method

III–i andii, respectively. In orderto facilitatethecomparisonof theaverageprecision

obtainedby our proposedmethodsand TF-IDF schme,we also show the retrieval

accuracy obtainedby TF-IDF schemein each�gure. Theprecisionof TF-IDF scheme

doesnotdependonthevaluesof L (in ) , L (out ) , andthenumberof clustersK . Therefore,

theretrieval accuracy obtainedby TF-IDF schemeis �x edfor thosevalues.
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Figure 4.4. Averageprecisionbasedon

MethodI–i.
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Figure 4.5. Averageprecisionbasedon

MethodI–ii.
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Figure 4.7. Averageprecisionbasedon

MethodII–i (a).
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Figure 4.8. Averageprecisionbasedon

MethodII–i (b).
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Figure4.9. AverageprecisionbasedonMethodII–i (c).

74



10

11

12

13

14

15

16

1 2 3 4 5

A
ve

ra
ge

 p
re

ci
si

on
 (

%
)

The number of clusters (K)

'TF-IDF'
'L(in)=1'
'L(in)=2'
'L(in)=3'
'L(in)=4'
'L(in)=5'

Figure 4.10. Averageprecisionbasedon

MethodII–ii (a).
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Figure 4.11. Averageprecisionbasedon

MethodII–ii (b).
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Figure4.12.AverageprecisionbasedonMethodII–ii (c).
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Figure 4.13. Averageprecisionbasedon

MethodIII–i (a).
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Figure 4.14. Averageprecisionbasedon

MethodIII–i (b).
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Figure4.15.Averageprecisionbasedon MethodIII–i (c).
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Figure 4.16. Averageprecisionbasedon

MethodIII–ii (a).
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Figure 4.17. Averageprecisionbasedon

MethodIII–ii (b).
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Figure4.18.AverageprecisionbasedonMethodIII-ii (c).
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4.3.3 Experiments for Further Impr ovement

If re�ned featurevectorsof Web pagesare iteratively usedandeachelementin the

featurevector is updatedin eachiterative step, it is expectedthat we can generate

further re�ned featurevectorsof Webpagesandobtainmuchbetterprecision.Thus,

in this section,weapplythisassumption to ourproposedmethodthatbroughtthebest

results,namely, MethodIII–ii (a) (L (in ) = 2; K = 3), andverify theeffectivenessof

thisassumption.

First, we denotethe further re�ned featurevectorw ptg t (n) of target pageptgt ob-

tainedby n iterationsasfollows:

w ptg t (n) = (wptg t (n)
t1

; wptg t (n)
t2

; � � � ; wptg t (n)
tm );

wherem is the numberof distinct termsandandtk (k = 1; 2; � � � ; m) denoteseach

term.In theiterativealgorithm,eachelementwptg t (n)
tk

of w ptg t (n) is de�ned asfollows:

wptg t (n+2)
tk

= wptg t (n+1)
tk

+ wptg t (n)
tk

; (4.16)

wheren is thenumber of iterations.Thetwo initial weightsfor Equation(4.16)areas

follows:

wptg t (0)
tk

: theinitial weightgiven by TF-IDF schemede�ned by Equation(4.2),

wptg t (1)
tk

: theinitial weightgiven by Equation(4.12).

BasedonEquation (4.16),weconductedexperimentsin orderto verify theretrieval

accuracy of the above iterative algorithm. Figure4.19 shows the averageprecision

whenthenumberof iterationsvariesfrom 2 to 50.
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4.3.4 Discussion

We can observe the following �ndings in eachmethod. In Method I, as shown in

Figures4.4and4.5,thesimilarity betweenthetargetpageptgt andWebpagesat levels

up to third (L (in ) � 3) in thebackwarddirectionfrom ptgt , andWebpagesat levelsup

to third (L (out ) � 3) in theforwarddirectionfrom ptgt is high, andtheseneighboring

Web pagesof ptgt contribute for representingthe contentsof ptgt more accurately.

However, thesimilarity betweenthetargetpageptgt andWebpagesfrom forth (L (in ) �

4) level in the backward directionfrom ptgt , andWeb pagesfrom forth (L (out ) � 4)

level in theforwarddirectionfrom ptgt is low, therefore,we cannotobserve theeffect

of representingthe contentsof ptgt moreaccurately. Here, in Figure4.6, we show

thedistributionof averagesimilarity betweenWebpagesin theWT10gtestcollection

andWebpagesin thebackwardandforwarddirectionsfrom theeachWebpagein the

collection. The similarity betweena Web pagep in the collectionandWeb pagesat

levelsupto third (L (in ) � 3) in thebackwarddirectionfrom p, andWebpagesat levels

up to third (L (in ) � 3) in the forward directionfrom p is relatively high. However,

the averagesimilarity betweena Web pagep in the collectionandWeb pagesfrom

forth (L (in ) � 4) level in the backward directionfrom p, andWeb pagesfrom forth

(L (out ) � 4) level in theforwarddirectionfrom p is low. We considerthat thesefacts

affect theprecision.In addition, asFigure4.4 and4.5 show, in thecaseof L (in ) � 4

andL (out ) � 4, theaverageprecisiontendto decline.Therefore,it is appropriatethat

weexaminedtheaverageprecisionin therangeof 1 � L (in ) � 5, and1 � L (out ) � 5.

In MethodII, asshown in Figures4.7 to 4.12,thefartherthedistancefrom target

Webpageptgt , in otherwords,thelargerthevaluesof L (in ) andL (out ) are,thesmaller

thegapbetweenthegraphof averageprecisionobtainedby ourproposedmethodsand

the graphof averageprecisionobtainedby TF-IDF schemeis. In otherwords, the

degreeof improvementin retrieval accuracy is smallcomparedwith TF-IDF scheme.

Thus,wefoundthatwith regardto thecontentsof Webpages,thereis strongsimilarity

betweenthe featurevector of target pageptgt and the centroidvector generatedby

Web pagegroupsat eachlevel up to �rst in the backward (L (in ) = 1) and forward

(L (out ) = 1) directionsfrom ptgt . However, we alsofoundthatsimilarity betweenthe

featurevectorof ptgt andthecentroidvectorgeneratedby thegroupof Webpagesat

eachlevel from ptgt reducesasthevalueof i , which denotesthelengthof theshortest
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directedpathfrom ptgt to its hyperlinkedneighboringpages,increases.

In MethodIII, asshown in Figures4.13to 4.18,thebestretrieval accuracy is ob-

tainedwhenwe generatere�ned featurevectorsusingeachcentroidvectorsof three

clusters(K = 3) generatedin a Web pagegroup producedusingall Web pagesat

levels up to second(L (in ) � 2, L (out ) � 2) in thebackwardor forwarddirectionsfrom

thetargetpageptgt . Sincethebestretrieval accuracy is obtainedwhenthenumberof

clustersis three(K = 3) in this method,we caninfer that the topicsof Web pages

at levels up to second(L (in ) � 2, L (out ) � 2) in thebackwardandforwarddirections

from ptgt is usuallycomposedof threetopics.

Furthermore,we found the following relationsbetweenthenumberof clustersin

MethodII andIII. Firstly, in MethodII, asshown in Figures4.7 to 4.12,we observed

thattheaverageprecisiontendto decreasein thecaseof K � 3. On theotherhand,in

MethodIII, we obtainthesameresultsasthoseof MethodII in thecaseof L (in ) = 1

andL (out ) = 1asshown in Equation (4.8)and(4.12).However, in thecaseof L (in ) � 2

andL (out ) � 2, we observed that the averageprecisiondecreasegraduallywhenthe

numberof clustersK is greaterthan4. Therefore,we considerthat it is valid thatwe

examinedtheaverageprecisionin therangeof 1 � K � 5 in MethodII andIII.

In MethodI, II, andIII, theapproachii alwaysoutperformtheapproachi. In other

words,whenwere�ect thedistancebetweenw ptg t andthefeaturevectorof in- andout-

linkedpagesof ptgt oneachelementof w ptg t , wecanobtainbetterretrievalaccuracy. In

approachi, thelengthof theshortestdirectedpathin thebackwardor forwarddirection

from ptgt to its hyperlinkedneighboringpagesis re�ected on eachelementof w ptg t .

This length is the �x ed value,namely1, 2, 3, 4 or 5. However, in approachii, the

distancediffers dependingon betweentarget Web pagesandtheir hyperlinked Web

page,or betweentargetWeb pageandgeneratedclusters.Therefore,theapproachii

canachievemore�e xible weightassignmentin orderto generatere�ned featurevector.

Table4.1, which summarizesthe resultsdescribedabove, illustratesthe average

precisionwhenwe generatedfeaturevectorof Web pageusingTF-IDF schemeand

thebestaverageprecisionwhenwe generatedfeaturevectorof Webpageusingeach

of our proposedmethod. In Method I, the bestretrieval accuracy is obtainedwhen

we generatethe featurevector for a Web pageby utilizing the contentsof all Web
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Table4.1. Comparisonof thebestsearch accuracy obtainedusing MethodI, II, andIII.

% average % improvement

precision

TF-IDF 11.31 �

MethodI–i (a) [L (in ) = 3] 13.92 +2.61

MethodI–ii (a) [L (in ) = 3] 15.30 +3.99

MethodII–i (a) [L (in ) = 1; K = 2] 13.04 +1.73

MethodII–ii (a) [L (in ) = 1; K = 2] 14.74 +3.43

MethodIII–i (a) [L (in ) = 2; K = 3] 14.03 +2.72

MethodIII–ii (a) [L (in ) = 2; K = 3] 16.23 +4.92

pagesat levelsup to third (L (in ) = 3) in thebackwarddirectionfrom the targetpage

ptgt . In MethodII, the bestretrieval accuracy is obtainedwhenwe generatere�ned

featurevectorsusingeachcentroidvectorsof two clusters(K = 2) generatedin a

Webpagegroupproducedusingall Webpagesat levels up to �rst (L (in ) = 1) in the

backwarddirectionfrom the targetpageptgt . Moreover, in MehodIII, we obtainthe

bestretrieval accuracy whenwe generatere�ned featurevectorsusingeachcentroid

vectorsof threeclusters(K = 3) generatedin a Webpagegroupproducedusingall

Webpagesat levels up to second(L (in ) = 2) in thebackwarddirectionfrom thetarget

pageptgt . Furthermore,asshown in Table4.1, in any caseof Methods I, II, andIII,

the bestretrieval accuracy is obtainedin the experiment(a), namely, in the caseof

usingthecontentsof in-linkedpagesof a targetpage.We considerthat this �nding is

obtainedbecausewecaneasilyreachWebpagessimilar to atargetWebpagewhenwe

follow the hyperlinksin the backward directionfrom the target pagewhile we reach

variousWeb pagesthat is not so similar to the contentsof the target pagewhenwe

follow the hyperlinks in the forward directionfrom the target page. In otherwords,

Web pageshave a characteristicthat the in-linked pagesof a target Web pagehave

Webpagesrelevant to thecontentsof the targetpage.As describedin Section3.1.2,

HITS algorithm[50] de�nes Web pagesthat have many outgoing links ashubs, and

alsode�nes thequality of a Webpageasauthority by consideringthehubsasits in-

linkedpagesof authority. In addition, focusingon theimportanceof in-linkedpages,

the tool that enableto navigate in the backward direction from a Web pageis also
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developed[17]. We canconsiderthat the resultsin Table4.1 suggeststheusefulness

of in-linkedpages.

Accordingto paper[37], in TREC–9WebTrack, the outline of methodsusedby

participantsandaverageprecisionareshown in Table4.2. We would like you to refer

thepapersshown in Table4.2abouttheirdetailedmethods.As shown in Table4.2,the

averageprecisionbasedon HITS in [52] is 4.88%,andthe averageprecisionsbased

on modi�ed HITS in [23] are5.91%and6.37%.Thesearepoorresults.Additionally,

therearenogroupswhich implementedPageRankalgorithmamongtheparticipantsof

TREC–9.Thus,in orderto compareour proposedmethodswith PageRankalgorithm,

we implemented this algorithmby ourself. As shown in Table4.2, theaveragepreci-

sionbasedonPageRankis 13.58%.Ontheotherhand,asshown in Tables4.1and4.2,

our bestaverageprecisionis 16.23%. This result is comparableto the resultof [20]

and[52]. Furthermore,we combineour methodswith HITS or PageRankalgorithm.

In thesecases,theaverageprecisionis slightly improvedasshown in Table4.2. Con-

sideringthe computationalcomplexity, thesemethodsarenot so effective compared

with ourpureproposedmethods.

In our experimentsfor further improvementdescribedin Section4.3.3,we found

that the convergenceof iterateis relatively rapid andk = 20 is suf�cient to become

stable.Theprecisionobtainedafterconvergenceis 16.33%.In otherwords,we could

obtain0.1%improvementcomparedwith thebestprecision(16.23%asshown in Table

4.2) amongour pureproposedmethods.We considerthis improvementrate,0.1%is

notsosigini�cant. Therefore,webelievethatourpureproposedmethodsareeffective

enoughto characterizeWebpagesmoreaccuratelyandtheobtainedresultsby using

themaresuf�ciently solid.
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Table4.2.Averageprecisionof WT10gusinglink information.

group outlinesof methods % average

usedby group precision

JustSystem[33] anchortext 20.00

anchortext + long query 18.38

WaterlooUniversity[20] content-link 16.31

4gramcontent-link 17.94

TwenteUniversity[52] cocitationtop10 16.30

cocitationtop50 13.37

HITS 4.88

NeuchatelUniversity [82] Okapi+ probabilistic augmentation 17.36

AT&T [89] anchortext 12.50

variantof anchortext 12.88

JohnsHopkinsUniversity [62] backlink frequency 10.62

PadovaUniversity [23] modi�ed HITS 5.91

modi�ed HITS with weightedlinks 6.37

PageRank 13.58

our bestresult Method III–ii (a) [L (in ) = 2, K = 3] 16.23

HITS + ourbestresult 16.27

PageRank+ ourbestresult 16.26

iterativealgorithmbasedonMethodIII–ii (a) 16.33
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4.4 Conclusion of this Chapter

In this chapter, in orderto representthe contentsof Web pagesmoreaccurately, we

proposedthreeapproachesto re�ning the TF-IDF schemefor Web pagesusingtheir

hyperlinked neighboring pages.Our approachis novel in re�ning the TF-IDF based

featurevectorof a targetWebpageby re�ecting thecontentsof its hyperlinkedneigh-

boring pages. Then, we conductedexperiments with regard to the following three

approaches:

� theapproachrelieson thecontentsof all Webpagesat levels up to L (in )
th in the

backward directionand levels up to L (out )
th in the forward directionfrom the

targetpageptgt ,

� theapproachrelieson thecentroidvectorsof clustersgeneratedfrom Webpage

groupscreatedat eachlevel up to L (in )
th in the backward directionandeach

level up to L (out )
th in theforwarddirectionfrom thetargetpageptgt ,

� theapproachrelieson thecentroidvectorsof clustersgeneratedfrom Webpage

groupscreatedat levels up to L (in )
th in thebackwarddirectionandlevelsup to

L (in )
th in theforwarddirectionfrom thetargetpageptgt ,

andevaluatedretrieval accuracy of the re�ned featurevectorobtainedfrom eachap-

proachusingrecall-precisioncurves. RegardingMethod I, we cangeneratea more

accuratefeaturevectorfor a Web pageby utilizing the contentsof all Web pagesat

levels up to at leastsecondin the backward and forward directionsfrom the target

pageptgt . In MethodII, we found that thereis strongsimilarity betweenthe feature

vectorof the target pageptgt andthe centroidvectorgeneratedby the groupof Web

pagesateachlevel up to �rst in thebackwardandforwarddirectionsfrom ptgt . Onthe

otherhand,thesimilarity betweenptgt andthecentroidvectorgeneratedby thegroup

of Webpagesat eachlevel from ptgt reducesasthe lengthof theshortestdirectpaths

from ptgt to its hyperlinkedneighboring pagesincreases.With regardto MethodIII,

a moreaccuratefeaturevectorfor a Webpageis generatedwhenwe usethecontents

of Webpagesat levels up to secondin thebackwarddirectionfrom ptgt . Furthermore,

comparedwith the respective bestretrieval accuracy obtainedusing thesethreeap-

proaches,we found that in-linkedpagesof a targetpagemainly affect for generating
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featurevectorthat representsthecontentsof the targetpagemoreaccurately. Conse-

quently, it is assumedthatmoreaccuratefeaturevectorsof Webpagescanbegenerated

by assigning higherweight to in-linkedpagesratherthanout-linkedpagesof a target

page.Weplanto verify thisassumption in futurework.

In thischapter, weusedtheK -meansalgorithm[60] in orderto classifythefeatures

of in- andout-linkedpagesof a targetpage.However, sincewehaveto setthenumber

of clustersinitially in theK -meansalgorithm, we considerthis algorithmto be inap-

propriatefor classifyingthefeaturesof Webpagesthathavevariouslink environments.

Therefore,in futurework, we planto devisesomeclusteringmethodsappropriatefor

variouslink environmentsof Web pages. Moreover, in this chapter, we focusedon

thehyperlink structuresof theWebaimingatgeneratingmoreaccuratefeaturevectors

of Web pages.However, in order to satisfy the user's actualinformation need,it is

moreimportantto �nd relevantWebpagesfrom theenormousWebspace.Therefore,

weplanto addressthetechniqueto provideuserswith personalizedinformation in the

next chapter.
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Chapter 5

WebSearch Basedon User's

Preferences

Websearchengineshelpusers�nd usefulinformationontheWorldWideWeb(WWW).

However, whenthesamequeryis submitted by differentusers,typical searchengines

returnthesameresultregardlessof who submitted thequery. Generally, eachuserhas

differentinformation needsfor his/herquery. Therefore,thesearchresultsshouldbe

adaptedto userswith differentinformationneeds.In thischapter, we�rst proposesev-

eral approachesto adaptingsearchresultsaccordingto eachuser's needfor relevant

information without any usereffort, andthenverify theeffectivenessof our proposed

approaches.Experimentalresultsshow that more �ne-grained searchsystemsthat

adaptto eachuser'spreferencescanbeachievedby constructinguserpro�les basedon

modi�ed collaborative �ltering.

5.1 Intr oduction

With the rapid spreadof the Internet,anyonecaneasilyaccessvariousinformation

by usingpersonalcomputers,cellularphones,PersonalDigital Assistants (PDAs), and

suchdevices. Sinceinformationresourceson theWWW continueto grow, it hasbe-

comeincreasinglydif�cult for usersto �nd informationon the WWW that satis�es

their individualneeds.Underthesecircumstances,Websearchengineshelpusers�nd

usefulinformationon theWWW. However, whenthesamequeryis submittedby dif-

ferentusers,mostsearchenginesreturn the sameresultsregardlessof who submits
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the query. In general,eachuserhasdifferent information needsfor his/herquery.

For example,for thequery“Java,” someusersmay be interestedin documentsdeal-

ing with the programming language,“Java,” while otherusersmay want documents

relatedto “coffee.” Therefore,Web searchresultsshouldadaptto userswith differ-

ent informationneeds.In order to predictsuchinformation needs,thereareseveral

approachesapplyingdatamining techniquesto extractusagepatternsfrom Web logs

[13, 91, 21, 31, 104]. However, the discovery of patternsfrom usagedataby itself

is not suf�cient for performingthepersonalizationtasks.Furthermore,Shahabiet al.

[86] have pointedout that theitem associationgeneratedfrom Webserver logsmight

be wrong becauseWeb usagedatafrom the server sidearenot reliable. Therefore,

thesetechniquesarenot soappropriatefor Webpersonalization.Anothernovel infor-

mationsystemsdesignedto realizesuchsystems have beenproposedthatpersonalize

information or provide morerelevantinformationfor users.As far aswe know, three

typesof Web searchsystems provide suchinformation: (1) systemsusingrelevance

feedback[73], (2) systems in which usersregistertheir interestor demographicinfor-

mation, and(3) systemsthatrecommendinformationbasedon users'ratings.In these

systems, usershave to registerpersonalinformationsuchastheir interests,age,and

so on beforehand,or usershave to provide feedbackon relevant or irrelevant judge-

ments,ratingsonascalefrom 1 (verybad)to 5 (verygood),andsoon. Thesetypesof

registration, feedback,or ratingscanbecometime consumingandusersprefereasier

methods. Therefore,in this chapter, we proposeseveralapproachesthat canbeused

to adaptsearchresultsaccordingto eachuser's informationneed.We, then,compare

the retrieval accuracy of our proposedapproaches.Our approachis novel becauseit

allows eachuserto performmore �ne-grained searchby capturingchangesof each

user's preferences without any usereffort. Sucha methodis not performedin typical

searchengines.
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5.2 Proposed Methods

As we describedin Section3.2.1,hyperlink-basedpersonalizedsearchsystemshave

a problemin that they do not clarify whethertheir searchresultsactuallysatisfyeach

user's informationneed. This is becausepersonalizationbasedon a user's context,

i.e.,browsingpatterns,bookmarks,andsoon is notperformed.ThepersonalizedWeb

sitesdescribedin Section3.2.2have the following shortcomings: (1) usershave to

rate itemsor adjustslidersto obtain relevant information in “Link Personalization”

describedin Section3.2.2(a);(2) in “ContentPersonalization,” describedin Section

3.2.2(b),the loadon usersbecomeshigh becausethey have to answerquestionnaires

in advanceto registertheirpersonalpreferencesor demographicinformation,andthey

have to changetheir registeredinformationby themselvesif their interestschange;(3)

in “Design-OrientedPersonalization”describedin Section3.2.2(c),dynamicchanges

in user's preferencesare not addressed.In addition, the recommendersystemsde-

scribedin Section3.2.3,have thepotential to provide serendipitousrecommendations

if usersareonly willing to rateitems. However, in practice,mostusersareunwilling

to rate itemseven thoughuser's ratingsfor itemsarekey factorsto achieving better

recommendations. As a result,the accuracy of recommendations may be poor. Fur-

thermore,this is also true in personalizedmultimedia systemsdescribedin Section

3.2.4,andespeciallyin collaborative �ltering-basedpersonalizedmultimediasystems,

althoughthetime it takesto computerecommendedinformation for usersis not much

longersincemultimediainformation with a largeamountof datadoesnot needto be

analyzed.

We do not necessarilybelieve thatapproachesbasedon userratingsprovide users

with morerelevantinformationthatsatis�eseachuser's informationneed.Therefore,

searchsystemshoulddirectly andexactly capturethe changesin eachuser's prefer-

enceswithout any usereffort in orderto provide morerelevant informationfor each

user. In orderto constructsuchsystems, we proposeseveral approachesto adapting

searchresultsaccordingto eachuser's informationneed.Unlike the researchstudies

describedin Section3.2,our approachis novel becauseit allowseachuserto perform

a �ne-grainedsearchby capturingthechangesin eachuser's preferences without any

usereffort.

Figure5.1 shows an overview of our system. Whena usersubmitsa queryto a

searchenginethrougha Webbrowser, thesearchenginereturnssearchresultscorre-
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Figure5.1.Systemoverview.

sponding to thequery. Basedon thesearchresults,theusermayselecta Webpagein

anattemptto satisfyhis/herinformation need.In addition, theusermayaccessmore

Webpagesby following thehyperlinkson his/her selectedWebpageandcontinueto

browse. Our systemmonitorstheuser's browsing historyandupdateshis/herpro�le

whenever his/her browsing pagechanges.When the usersubmits a query the next

time, thesearchresultsadaptbasedon his/her userpro�le.

In thefollowing sections,we explain how to constructa userpro�le in theupdate

pro�le componentillustratedin Figure5.1. In our approach,the userpro�le is con-

structedimplicitly. In otherwords,auserdoesnotneedto performexplicit effortssuch

asfeedback,ratingsandsoon in orderto constructhis/herpro�le. We constructeach

userpro�le basedon the following two methods:(1) Purebrowsing history, and(2)

Modi�ed collaborative �ltering.
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5.2.1 UserPro�le Construction Basedon PureBrowsingHistory

In this method,we assumethat the preferences of eachuserconsistof the following

two aspects:(1) persistent(or long term) preferences,and (2) ephemeral(or short

term) preferences.In persistentpreferences,the userpro�le is incrementallydevel-

opedover time andit is storedfor usein latersessions. Theinformationexploitedfor

constructing the pro�le usuallycomesfrom varioussources,so it relieson different

aspectsof theuser. On theotherhand,in ephemeralpreferences,theinformationused

to constructeachuserpro�le is only gatheredduringthecurrentsession,andit is im-

mediatelyexploited for executing someadaptive processaimedat personalizingthe

currentinteraction.Fromthesetwo factors,weconstructeachuserpro�le P consider-

ing bothpersistentpreferences,P per , andephemeralpreferences,P today . P per shows

a userpro�le constructedexploiting theuser's browsinghistoryof Webpagefrom N

daysago(seeFigure5.2). Here,we introducetheconceptof window sizein orderto

constructP per , andde�ne Sj (j = 0; 1; 2; � � � ; N ) as the numberof Web pagesthe

userbrowsedon thej th day. “ j = 0” means“today” asshown in Figure5.2. In each

day, P today is constructedthroughthefollowing process.First, we denotethefeature

vectorw hp of browsedWebpagehp (hp = 1; 2; � � � ; S0) asfollows:

w hp = (whp
t1 ; whp

t2 ; � � � ; whp
tm );

wherem is thenumberof distincttermsin theWebpagehp, andt k (k = 1; 2; � � � ; m)

denoteseachterm.UsingtheTF (termfrequency) scheme,wealsode�ne eachelement

whp
tk

of w hp asfollows:

whp
tk

= chp �
tf (tk ; hp)

P m
s=1 tf (ts; hp)

; (5.1)

wheretf (tk ; hp) is thefrequency of termtk in eachbrowsedWebpagehp, andchp is

a constantthatshows to whatextentour systemre�ects thecontentsof theWebpage

oneachuserpro�le. We de�ne constantchp asfollows:

chp =

8
<

:
1; dr � Th;

0; dr < Th;
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Figure5.2. Window sizefor constructingpersistentuserpro�le.

wheredr denotesthe time spentreadingnormalizedby the numberof termsin Web

pagehp. Wede�ne thresholdTh as0.317basedonpreliminaryexperiments.Wethen

denoteuserpro�le P today asfollows:

P today = (ptoday
t1

; ptoday
t2

; � � � ; ptoday
tm );

andde�ne eachelementptoday
tk

asfollows:

ptoday
tk

=
1
S0

S0X

hp=1

whp
tk

;

As describedabove,P today showsauserpro�le constructedusingtheuser'sbrowsing

historyof today'sWebpage.Moreover, we setthewindow sizeN (N = 1; 2; � � � ; 30)

to constructP per . WealsodenoteP per asfollows:

P per = (pper
t1

; pper
t2

; � � � ; pper
tm );

andde�ne eachelementpper
tk

asfollows:

pper
tk

=
1

SN

SNX

hp=1

whp
tk

� e� log 2
hl (d� dt k init ) ; (5.2)

wheree� log 2
hl (d� dt k init ) is a forgettingfactorunderthe assumption that user's prefer-

encesgraduallydecayasdayspass. In this factor, dtk init is the day when term tk

initially occur, d is thenumberof daysfollowing to dtk init , andhl is a half-life span

parameter. We setthehalf-life spanhl to 7. In otherwords,the intuition behindthis
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assumption is thatuser's preferencesreduceby 1/2 in oneweek. Let usassumethat

eachuserbrowsedSN pageson eachday. Of course,the number of browsedWeb

pagesSN , differs userby user. Therefore,we normalizepper
tk

usingSN asshown in

Equation(5.2). Usingtheseparameters,we �nally constructuserpro�le P asde�ned

in thefollowing equation:

P = aP per + bP today ; (5.3)

wherea andbareconstantsthatsatisfya + b= 1.

5.2.2 User Pro�le Construction Basedon Modi�ed Collaborative

Filterin g Algorithm

In this section,we �rst brie�y review thepurecollaborative �ltering algorithm,espe-

cially neighborhood-basedalgorithms,andthendescribehow to constructuserpro�les

usingthemodi�ed collaborative �ltering algorithms.

(a) Overview of the Pure CollaborativeFiltering Algorithm

Collaborative �ltering canberepresentedastheproblemof predictingmissing values

in a user-item ratingsmatrix. Figure5.3 shows a simpli�ed exampleof a user-item

ratingsmatrix.

In the neighborhood-basedalgorithm[38], a subsetof usersis �rst chosenbased

on their similarity to the active user, and a weightedcombinationof their rating is

then usedto producepredictions for the active user. The algorithm we usecan be

summarizedin thefollowing steps:

1. Weight all userswith respectto similarity to the active user. This similarity

betweenusersis measuredasthe Pearsoncorrelationcoef�cient betweentheir

ratingvectors.

2. Selectn usersthathave thehighestsimilarity with theactive user. Theseusers

form theneighborhood.

3. Computeapredictionfrom a weightedcombination of theneighbor's ratings.
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Figure5.3. User-itemratingsmatrix for collaborative �ltering.

In step1, Sa;u , which denotessimilarity betweenusersa andu, is computedusing

thePearsoncorrelationcoef�cient de�ned below:

Sa;u =
P I

i =1 (ra;i � �ra) � (ru;i � �ru)
q P I

i =1 (ra;i � �ra)2 �
P I

i =1 (ru;i � �ru)2
; (5.4)

wherer a;i is theratinggiven to item i by usera, �r a is themeanratinggivenby usera,

andI is thetotal numberof items.

In step2, i.e.,neighborhood-basedmethods,asubsetof appropriateusersis chosen

basedon their similarity to theactiveuser, andaweightedaggregateof their ratingsis

usedto generatepredictionsfor theactiveuserin thenext step3.

In step3, predictionsarecomputedastheweightedaverageof deviationsfrom the

neighbor'smean:

pa;i = �ra +
P n

u=1 (ru;i � �ru) � Sa;u
P n

u=1 Sa;u
;

wherepa;i is thepredictionfor active usera for item i , Sa;u is thesimilarity between

usersa and u as describedat Equation(5.4), and n is the numberof usersin the

neighborhood.
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(b) UserPro�le Construction usingModi�ed Collaborative Filtering Algorithm

In thepurecollaborative �ltering algorithms describedin Section5.2.2(a),we consid-

ereda user-itemratingsmatrix. Similarly, in theconstructionof a userpro�le, we can

considerauser-termweightsmatrix likethatshown in Figure5.4(a).In addition,based

onthepurecollaborative �ltering algorithms, wecanapplytheirpredictivealgorithms

to predicta term weight in eachuserpro�le. In otherwords,sinceeachuserpro�le

is computedbasedon termweightsin a Webpagetheuserbrowsedandthebrowsed

pagesaredifferentaccordingto eachuser, the userpro�le is constructedin the form

of a user-termweightsmatrix with missing values,asillustratedin Figure5.4. This is

very analogousto theuser-item ratingsmatrix usedin thepurecollaborative �ltering

algorithms. Therefore,weexpectthatamoreaccurateuserpro�le is constructedsince

thesemissing valuesarepredictedusingthealgorithmsin collaborative�ltering. In this

approach,we proposethefollowing two methods:(1) userpro�le constructionbased

on the staticnumberof usersin the neighborhood,and(2) userpro�le construction

basedon dynamicnumberof usersin theneighborhood.

(b-1) UserPro�le Construction Basedon the Static Number of Usersin the Neigh-

borhood

In this method,our proposedalgorithms areexplainedin thefollowing steps(notethe

similarity to thecollaborative �ltering algorithmsdescribedin Section5.2.2(a)):

1. Weight all userswith respectto similarity to the active user. This similarity

betweenusersis measuredasthe Pearsoncorrelationcoef�cient betweentheir

termweightvectorsunlike theratingvectorsdescribedin Section5.2.2(a).

2. Selectn usersthat have the highestsimilarity to the active user. Theseusers

form theneighborhood.

3. Computeapredictionfromaweightedcombinationof theneighbor'stermweights.

In step1, Sa;u , which denotessimilarity betweenusersa andu, is computedusing

thePearsoncorrelationcoef�cient, de�ned below:

Sa;u =
P T

i=1 (wa;i � �wa) � (wu;i � �wu)
q P T

i=1 (wa;i � �wa)2 �
P T

i=1 (wu;i � �wu)2
; (5.5)
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Figure5.4. User-term weightsmatrix for modi�ed collaborative �ltering [(a) when

eachuserbrowsedk Webpages,(b) wheneachuserbrowsedk + 1 Webpages].
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wherewa;i is theweightof termi regardingusera computedbasedon termfrequency

in a browsedWeb pagede�ned by Equation(5.1), and �wa is the meanterm weight

regardingusera, andT is thetotal numberof terms.

In step2, i.e.,neighborhood-basedmethods,asubsetof appropriateusersis chosen

basedon their similarity to the active user, and a weightedaggregateof their term

weightsis usedto generatepredictionsfor theactiveuserin thecomingstep3. In this

step,thenumberof selectedusersis �x ed to n for any user. That is why we call this

method“static.”

In step3, predictionsarecomputedastheweightedaverageof deviationsfrom the

neighbor'smean:

pa;i = �wa +
P n

u=1 (wu;i � �wu) � Sa;u
P n

u=1 Sa;u
;

wherepa;i is thepredictionfor theactiveusera for weightof termi , Sa;u is thesimilar-

ity betweenusersa andu asdescribedat Equation(5.5),andn is thenumberof users

in theneighborhood.

(b-2) UserPro�le Construction Basedon Dynamic Number of Usersin the Neigh-

borhood

In this method,our proposedalgorithms areexplainedin thefollowing steps(notethe

similarity to the collaborative �ltering algorithmsdescribedin Section5.2.2(a),and

theaforementionedstaticapproach):

1. Generateclustersof usersby meansof thek-NearestNeighborclusteringalgo-

rithms [45]. Thesimilarity betweenusera andtheseclustersis measuredasthe

Pearsoncorrelationcoef�cient betweentheir termweightvectors.

2. Selectn clustersthathavehighersimilarity to theactiveuserthanthethreshold.

We considerthecentroidvectorsof theseselectedclustersastheneighborhood

of theactiveuser.

3. Computea predictionfrom a weightedcombination of the term weightsusing

centroidvectorsof clusters.
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In step1, Sa;g, which denotessimilarity betweenusersa andcentroidvectorsof

clustersg, is computedusingthePearsoncorrelationcoef�cient, de�ned below:

Sa;g =
P T

i=1 (wa;i � �wa) � (wg;i � �wg)q P T
i=1 (wa;i � �wa)2 �

P T
i=1 (wg;i � �wg)2

; (5.6)

wherewa;i is the weight of of term i regardingusera computedbasedon term fre-

quency in a browsedWeb pagede�ned by Equation(5.1), and �wa is the meanterm

weightregardingusera, andT is thetotal numberof terms.

In step2, several clustersarechosenbasedon their similarity to the active user,

anda weightedaggregateof their termweightsis usedto generatepredictionsfor the

active userin thenext step3. In this step,thenumberof selectedclustersis different

userby user. Thatis why wecall thismethod“dynamic.” Therefore,it is expectedthat

thismethodallowseachuserto performmore�ne-grainedsearch.

In step3, predictionsarecomputedastheweightedaverageof deviationsfrom the

neighbor'smean:

pa;i = �wa +
P n

g=1 (wg;i � �wg) � Sa;g
P n

g=1 Sa;g
;

wherepa;i is thepredictionfor theactiveusera for termweightsi , Sa;g is thesimilarity

betweenusersa andcentroidvectorsof clustersg asdescribedat Equation(5.6),and

n is thenumberof centroidvectorsof clustersin theneighborhood.

5.3 Experiments

5.3.1 Experimental Setup

Weconductedexperiments in orderto verify theeffectivenessof thethreeapproaches:

(1) relevancefeedbackandimplicit approaches,(2) userpro�les basedonpurebrows-

ing history asdescribedin Section5.2.1,and(3) userpro�les basedon the modi�ed

collaborative �ltering algorithmdescribedin Section5.2.2. While usershave to pro-

vide feedbackexplicitly in relevancefeedback,usersdonot have to provideany effort

in our proposedmethods(2) and(3) sinceour systemimplicitly captureschangesin

user's preference. The experimentswere implementedusing Perl on a workstation

(CPU: UltraSparc-II480MHz� 4, Memory: 2GBytes,OS: Solaris8)using50 query
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topicsthatwereemployedastesttopicsin theTRECWT10gtestcollection[37]. Note

thatweonly usedquerytopicsof thetestcollection,anddid notusethecontentsof the

testcollection.In ourexperiments,weobservedthebrowsinghistory of 20subjectsfor

30 days.Thesubjectsbrowsed12 Webpagesin onedayon average.In addition, the

numberof termsin userpro�les accumulatedduringthe30 daysis about810,000.In

thefollowing, let thehth Webpagein thesearchresultsandtheuserpro�le asde�ned

by Equation (5.3)berph andP , respectively. Then,thefeaturevectorof thehth Web

pagerph in thesearchresults,w r ph , is de�ned asfollows:

w r ph = (wr ph
t1

; wr ph
t2

; � � � ; wr ph
tm );

wherem is thenumberof distincttermsin theWebpagerph, andtk (k = 1; 2; � � � ; m)

denoteseachterm. We alsode�ne eachelementwr ph
tk

of w r ph basedon theTF (term

frequency) schemeasfollows:

wr ph
tk

=
tf (tk ; r ph)

P m
s=1 tf (ts; r ph)

;

wheretf (tk ; r ph) is thefrequency of termtk in therph. Thesimilarity sim(P ; w r ph )

betweentheuserpro�le P andthefeaturevectorof thehth Webpagein searchresults

w r ph is computedby thefollowing equation.Thesim(P ; w r ph ) is de�ned asfollows:

sim(P ; w r ph ) =
P � w r ph

jP j � jw r ph j
: (5.7)

Basedon thevalueobtainedby Equation(5.7), thesearchresultsareadaptedto each

useraccordingto his/herpro�le. Theseresultswerecomparedwith thesearchresults

of Google[11]. We thenevaluate the retrieval accuracy usingR-precision[3]. We

employed30asthevalueof R.
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5.3.2 Experimental Results

(a) UserPro�le Basedon RelevanceFeedback

Relevancefeedback[73] is themostpopularqueryreformulationstrategy. In a rele-

vancefeedbackprocess,theuseris presentedwith alist of theretrieveddocumentsand

marksthosethat arerelevant afterexaminingthem. The basicideais to reformulate

theoriginal queryvectorQorg into new queryvectorQnew suchthat it getscloserto

theterm-weightvectorspaceof therelevantdocuments.In ourexperiment,weusethe

Rocchioformulation de�ned asfollows:

Qnew = � Qorg +
�

jD r j

X

d j 2 D r

d j �



jDn j

X

d j 2 D n

d j ;

whereD r and Dn are the set of relevant and non-relevent documentsas identi�ed

by the useramongthe retrieved documents,respectively, and jD r j and jDn j are the

numberof documentsin thesetsD r andDn , respectively (seeSection2.5.1). We set

� , � and
 thataretuningconstantsto 1, 1 and0, respectively.

We believe that the new query vector Qnew obtainedby the user's judgement,

whetherthe retrieved documentsare relevant or not, re�ects the user's preferences.

Therefore,we treatQnew asP today de�ned by Equation(5.3), andemploy Qnew as

an initial preferenceof a userto constructa userpro�le. In this case,usingEquation

(5.3),theuserpro�le P is de�ned asfollows:

P = aP per + bQnew ; (5.8)

We askedeachsubjectto judgeif thesearchresultsreturnedby thesearchengineare

relevant,andconstructeduserpro�le P basedon Equation(5.8). In this experiment,

we variedthenumberof feedbacksF B thateachuserprovidedfrom 1 to 3. Figures

5.5 to 5.7 show theR-precisionwhenthevaluesof a andb arevariedsuchthat these

valuessatisfya + b = 1 underthe condition that thenumbersof feedbacksare1, 2,

and3.
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Figure 5.5. R-precision obtained us-

ing relevancefeedback-baseduserpro�le

(F B=1).
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Figure 5.6. R-precision obtained us-

ing relevancefeedback-baseduserpro�le

(F B=2).
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Figure5.7.R-precisionobtainedusingrelevancefeedback-baseduserpro�le (F B=3).
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(b) UserPro�le Basedon Pure Browsing History

In this approach,eachuserpro�le is constructedasmentioned in Section5.2.1. The

userpro�le P is de�ned asfollows:

P = aP per + bP today :

Figure5.8showstheR-precisionwhenthevaluesof a andbarevariedsuchthatthese

valuessatisfya + b= 1.
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Figure5.8.R-precisionobtainedusingpurebrowsinghistory-baseduserpro�le.
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(c) UserPro�le Basedon Modi�ed CollaborativeFiltering

In this approach,when the userbrowsesa new Web page,new termsare addedto

his/heruserpro�le. However, otherusersdo not alwaysbrowsethe samepages,so

missing valuesoccurin theuser-termweightsmatrixasillustratedin Figure5.4.These

missing valuesarepredictedusingthealgorithmsdescribedin Section5.2.2,andthen

the matrix is �lled. We considerthat this user-term vectorre�ects the user's prefer-

ences.Let thisuser-termvectorwith predictedvaluebeV pr e. WetreatV pr e asP today

de�ned by Equation(5.3),andemploy V pr e asan initial preferenceof a userto con-

structauserpro�le. In this case,usingEquation(5.3),theuserpro�le P is de�ned as

follows:

P = aP per + bV pr e; (5.9)

Figures5.9 to 5.12 show the R-precisionof staticapproacheswhenthe valuesof a

andb arevariedsuchthat thesevaluessatisfya + b = 1 underthecondition that the

numbersof neighborsn are5, 10, 15, and20, respectively. In addition,Figure5.13

showstheR-precisionof dynamicapproaches.
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Figure 5.9. R-precision obtainedusing

modi�ed collaborative �ltering-baseduser

pro�le (static,n = 5).
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Figure 5.10. R-precisionobtainedusing

modi�ed collaborative �ltering-baseduser

pro�le (static,n = 10).
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Figure 5.11. R-precisionobtainedusing

modi�ed collaborative �ltering-baseduser

pro�le (static,n = 15).
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Figure 5.12. R-precisionobtainedusing

modi�ed collaborative �ltering-baseduser

pro�le (static,n = 20).
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Figure5.13. R-precisionobtainedusingmodi�ed collaborative �ltering-baseduser

pro�le (dynamic).
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5.3.3 Experiments for Further Impr ovement

In Section5.2.1,user's searchesandbrowsingactivities fell into onelogical session.

However, usersmightdodifferenttaskin onedayandmaywell doseveralsearchesand

browsing activitiesin that time period. Therefore,we needto analyzeuser's brows-

ing behavior in moredetail. Figure5.14illustratesthedetailduser's browsinghistory

in todayandN daysbeforetoday. In this �gure, we considerthatusersperformnbh

differentsearchesbeforethecurrentsessioncur in today. In otherwords,thecur th ses-

sion,that is thenewestsessionin today, is subsequentto thenbh
th session.Therefore,

therelationbetweennbh andcur is de�ned by thefollowing equation:

cur = nbh + 1:

In eachday, P today is constructedthroughthefollowingprocess.At �rst, wedenote

the featurevectorw hp( r )
of browsedWeb pagehp(r ) (hp = 1; 2; � � � ; S0) in the r th

(r = 1; 2; � � � ; nbh) sessionasfollows:

w hp( r )
= (whp( r )

t1
; whp( r )

t2
; � � � ; whp( r )

tm );

wherem is thenumberof distinct termsin theWebpagehp(r ) , andtk (k = 1; 2; � � � ; m)

denoteseachterm. Using the TF (term frequency) scheme,eachelementwhp( r )

tk
of

w hp( r )
is de�ned asfollows:

whp( r )

tk
= chp( r )

�
tf (tk ; hp(r ))

P m
s=1 tf (ts; hp(r ) )

; (5.10)

wheretf (tk ; hp(r )) is the frequency of term tk in eachbrowsedWeb pagehp(r ) , and

chp( r )
is a constantthat shows to what extent our systemre�ect the contentsof the

Webpageon eachuserpro�le. As well asEquation(5.2),we de�ne constantchp( r )
as

follows:

chp( r )
=

8
<

:
1; dr � Th;

0; dr < Th;

wheredr denotesthe time spentreadingnormalizedby the numberof termsin Web

pagehp(r ) , andthresholdTh is setto 0.317basedonourpreliminaryexperiments. We

thende�ne partialuserpro�le P (r ) at ther th browsinghistoryin todayasfollows:

P (r ) = (p(r )
t1

; p(r )
t2

; � � � ; p(r )
tm );
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 bh (n    ) bh

th n     bh
 th

current session

1(cur) S 0
(cur)

1 S 1

Browsing history of 1 day ago

1 S 2

Browsing history of 2 days ago

1 S N

Browsing history of N days ago

Figure5.14.Detaileduser's browsing historyin todayandN daysbeforetoday.

andde�ne eachelementp(r )
tk

usingEquation(5.10)asfollows:

p(r )
tk

=
1

S0
(r )

S0X

hp=1

whp( r )

tk

=
1

S0
(r )

S0X

hp=1

chp( r )
�

tf (tk ; hp(r ) )
P m

s=1 tf (ts; hp(r ))
: (5.11)

Wethende�ne userpro�le P (br) obtainedby browsinghistoryupto thecurrentsession

asfollows:

P (br) = (p(br)
t1

; p(br)
t2

; � � � ; p(br)
tm ):

UsingEquation(5.11),eachelementp(br)
tk

is alsode�ned asfollows:

p(br)
tk

=
nbhX

r =1

p(r )
tk

=
nbhX

r =1

1

S0
(r )

S0X

hp=1

chp( r )
�

tf (tk ; hp(r ) )
P m

s=1 tf (ts; hp(r ) )
:

Similarly, wedenotethefeaturevectorw hp( cur )
of browsedWebpagehp(cur )

(hp = 1; 2; � � � ; S0) in thecurrentsessionasfollows:

w hp( cur )
= (whp( cur )

t1
; whp( cur )

t2
; � � � ; whp( cur )

tm );
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wherem is thenumberof distincttermsin theWebpagehp(cur ) , andtk (k = 1; 2; � � � ; m)

denoteseachterm. Using the TF (term frequency) scheme,eachelementwhp( cur )

tk
of

w hp( cur )
is de�ned asfollows:

whp( cur )

tk
= chp( cur )

�
tf (tk ; hp(cur ) )

P m
s=1 tf (ts; hp(cur ))

: (5.12)

wheretf (tk ; hp(cur )) is the frequency of term tk in eachbrowsedWeb pagehp(cur ) ,

andchp( cur )
is a constantthatshows to whatextentour systemre�ects thecontentsof

theWebpageoneachuserpro�le de�ned aswell asEquation(5.11).Then,wede�ne

partialuserpro�le P (cur ) obtainedat thecurrentsessionin todayasfollows:

P (cur ) = (p(cur )
t1

; p(cur )
t2

; � � � ; p(cur )
tm );

andde�ne eachelementp(cur )
tk

usingEquation (5.12)asfollows:

p(cur )
tk

=
1

S0
(cur )

S0X

hp=1

whp( cur )

tk

=
1

S0
(cur )

S0X

hp=1

chp( cur )
�

tf (tk ; hp(cur ))
P m

s=1 tf (ts; hp(cur ))
:

UsingP (br) andP (cur ) , P today is constructedasfollows:

P today = xP (br) + yP (cur ) ; (5.13)

wherex andy areconstantsthatsatisfyx + y = 1. In orderto emphasizethecurrent

session,weassignlargerweightto y thanx. In otherwords,y is largerthan0.5,andx

is smallerthan0.5underthecondition,x + y = 1.

Additionally, we also constructuserpro�le P per consideringpersistentprefer-

ences.In orderto do that,asdescribedin Section5.2.1,wealsointroducetheconcept

of window sizeN (N = 1; 2; � � � ; 30), andde�ne Sj (j = 0; 1; 2; � � � N ) asthenumber

of Webpagestheuserbrowsedon the j th day. “ j = 0” alsomeans“today” asshown

in Figure5.14.Theuserpro�le P per is denotedasfollows:

P per = (pper
t1 ; pper

t2 ; � � � ; pper
tm ); (5.14)

andeachelementpper
tk

is de�ned asfollows:

pper
tk

=
1

SN

SNX

hp=1

whp
tk

� e� log 2
hl (d� dt k init ) ; (5.15)
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Figure5.15.R-precisionin theexperimentsfor furtherimprovement.

wheree� log 2
hl (d� dt k init ) is a forgettingfactorunderthe assumption that user's prefer-

encesgraduallydecayasdayspass. In this factor, dtk init is the day when term tk

initially occur, d is thenumberof daysfollowing to dtk init , andhl is a half-life span

parameter. The half-life spanhl is set to 7. In otherwords,we assumethat user's

preferencesreduceby 1/2 in oneweek. We alsoassumethat eachuserbrowsedSN

pageson eachday. This valueSN is differentuserby user. Therefore,we normalize

pper
tk

usingSN asshown in Equation(5.15). UsingP today de�ned by Equation(5.13),

andP per de�ned by Equation(5.14),we constructuserpro�le P asfollows:

P = aP per + bP today

= aP per + bxP (br) + byP (cur ) : (5.16)

WeapplyEquation(5.16)toourproposedmethodthatbroughtthebestresults,namely,

userpro�le constructionbasedondynamicnumberof usersin theneighborhood,(a =

0:613; b= 0:387), andverify theeffectivenessof theapproachdescribedin thissection.

Figure5.15shows theR-precisionwhenthevalueof x andy arevariedsuchthat

thesevaluessatisfyx + y = 1. As describedatEquation(5.13),in orderto emphasize

thecurrentuser'spreferences,weassignweightlargerthan0.5toy, andweightsmaller

than0.5to x.
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5.3.4 Discussion

In this section,we discusstheexperimentalresultsobtainedusingeachapproachdis-

cussedin Section5.3.2. Note that, in Figures5.5 to 5.13,theR-precisionof Google

is constantbecauseit doesnot dependon thewindow size. Table5.1summarizesthe

bestprecisionsobtainedusingthemethodsdescribedin Sections5.2and5.3.3.

In therelevancefeedback-baseduserpro�le shown in Figures5.5to 5.7,we found

that a userpro�le that providessearchresultsadaptive to a usercanbe constructed

when a window size with about20 daysis usedregardlessof the numberof feed-

backs.Thebestprecision(46.91%)is obtainedin thecaseof thenumberof feedbacks

F B = 2 with 26 dayswindow sizeasshown in Figure5.6 andTable5.1. As men-

tionedin Section5.3.2(a),we usedqueryvectorreformulatedby relevancefeedback

asaninitial preferenceof auser. However, wecouldnotobservedsigni�cant improve-

ment in precisioneven if the numberof feedbacksincreases.We considerthat this

effect is causedbecausetheinitial preferenceof a useris absorbedby persistentpref-

erencesconstructedusingthewindow size. In addition,it is valid thatwe conducted

experiments by examining thenumberof feedbacksfrom 1 to 3 sincetheprecisionis

not improvedlargely in this range.

In theuserpro�le basedon purebrowsing historyshown in Figure5.8,we found

that a userpro�le that providessearchresultsadaptive to a usercanbe constructed

whena window sizewith about15 daysis used. In this method,the bestprecision

(48.77%)is obtainedwhena window sizewith 18 daysis used. This approachcan

achieve 1.86%higherprecisioncomparedwith thebestprecision(46.91%)in therel-

evancefeedback-baseduserpro�les, and the result shows that the user's browsing

historystronglyre�ects theuser'spreference.

In addition, in the userpro�le basedon modi�ed collaborative �ltering shown in

Figures5.9to 5.13,wefoundthatauserpro�le thatprovidessearchresultsadaptiveto

a usercanbeconstructedwhena window sizewith about10 daysis utilized. In user

pro�le constructionbasedon thestaticnumberof usersin theneighborhood described

in Section5.2.2(b-1),the bestprecision(50.82%)is obtainedin the caseof n = 5

with 17 dayswindow sizeasillustratedin Figure5.9 andTable5.1; in otherwords,

the5 nearestneighborsof eachuseraretaken. Therefore,asshown in Figures5.9 to
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5.12andTable5.1,we found that it is not soeffective to adaptsearchresultsto each

userevenif morenearestneighborsareused.In addition, theuserpreferencesof not

only a certainuserbut alsootherusersareexploited in this approach.We consider

that this methodobtainedhigherprecisionthan the aforementionedapproaches.In

userpro�le construction basedon the dynamicnumberof usersin the neighborhood

describedin Section5.2.2(b-2),we could obtain the bestprecision(51.34%)in the

caseof using28 dayswindowsize. As shown in Figure5.13 andTable5.1, this is

0.52%higherprecisioncomparedwith thebestprecision(50.82%)in theuserpro�le

construction basedon the static numberof usersin the neighborhood describedin

Section5.2.2(b-1). In this method,the neighborhoodof eachuseris determinedby

the centroidvectorsof clustersof users,and the numberof the clustersis different

userby user. Therefore,webelieve thatthismethodallowseachuserto performmore

�ne-grainedsearchcomparedwith thestaticmethod.

Thebestprecisionof any of themethodsis obtainedwhena is largerthan0.6and

bis lessthan0.4.Thisshowsthatsearchresultsthatadaptto eachusercanbereturned

by weighting persistentpreferencesa little larger thanephemeralpreferences.More-

over, thesmallerthevalueof a andthelarger thevalueof b, thelarger the�uctuation

in precision. Therefore,it is dif�cult to returnsearchresultsthat adaptto eachuser

whenthe userpro�le is constructedby weightingephemeralpreferenceslarger than

persistentpreferences.Furthermore,the precisionobtainedby eachof our proposed

methodscanoutperformtheprecisionobtainedby Googleasshown in Figures5.5 to

5.13andTable5.1.

In ourexperimentsfor furtherimprovementdescribedin Section5.3.3,weobtained

the following �ndings. As shown in Figure5.15, when the valueof x is relatively

largeandthevalueof y is relatively small underthecondition describedat Equation

(5.13), the userpro�le focusedon browsing history in todayis constructed.There-

fore,whenthewindow sizeis large,theuserpro�le furtherfocusedonthepasthistory

is constructed,and that result in dif�culty with following the currentuser's prefer-

ences.Thus,wecouldnotobtainhigherprecisionthanuserpro�le construction based

on thedynamicnumberof usersin theneighborhood describedin Section5.2.2(b-2).

However, in this case,user's preferences canbe capturedusingthe small number of

windows. On theotherhand,whenthevalueof x is relatively smallandthevalueof y
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is relatively largeunderthecondition describedatEquation(5.13),theuserpro�le fo-

cusedonthetoday'scurrentsessionis constructed.In particular, whenthewindow size

is small, the userpro�le focusedon the user's ephemeralpreferencesis constructed.

Therefore,it is dif�cult to constructuserpro�le thatcaptureduser's persistentprefer-

ences.We considerthat this is thecauseof the large �uctuation in precisionin small

window size. Futhermore,in this experiment,we could obtainedthe bestprecision

(52.31%)whenthevaluesof x andy are0.129and0.871,respectively anda widow

sizewith 14 daysis used. The improvementrate is 0.97%comparedwith the best

precision(51.34%)in userpro�le constructionusingmodi�ed collaborative �ltering

basedon dynamicnumberof usersin theneighborhooddescribedin Section5.2.2(b-

2). Therefore,in this case,we believe that theuserpro�le thatappropriatelycaptured

user's persistentandephemeralpreferencescanbe constructed,andthat allows each

userto performmuchmore�ne-grainedsearchthatadaptto his/herinformationneed.
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Table5.1. Comparison of thebest precision obtainedusing ourproposedmethods.

% best % improvement

precision

Google 36.10 �

Relevancefeedback-baseduserpro�le 46.87 +10.77

(F B = 1; a = 0:619; b= 0:381; N = 26)

Relevancefeedback-baseduserpro�le 46.91 +10.81

(F B = 2; a = 0:604; b= 0:396; N = 26)

Relevancefeedback-baseduserpro�le 46.85 +10.75

(F B = 3; a = 0:611; b= 0:389; N = 28)

Purebrowsinghistory-baseduserpro�le 48.77 +12.67

(a = 0:617; b= 0:383; N = 18)

Modi�ed collaborative �ltering-baseduserpro�le 50.82 +14.72

(static,n = 5; a = 0:622; b= 0:378; N = 17)

Modi�ed collaborative �ltering-baseduserpro�le 48.53 +12.43

(static,n = 10; a = 0:623; b= 0:377; N = 17)

Modi�ed collaborative �ltering-baseduserpro�le 46.38 +10.28

(static,n = 15; a = 0:620; b= 0:380; N = 21)

Modi�ed collaborative �ltering-baseduserpro�le 45.86 +9.76

(static,n = 20; a = 0:624; b= 0:376; N = 23)

Modi�ed collaborative �ltering-baseduserpro�le 51.34 +15.24

(dynamic,a = 0:613; b= 0:387; N = 28)

Modi�ed collaborative �ltering-baseduserpro�le

with detailedanalysisof user'sbrowsinghistory in oneday 52.31 +16.21

(dynamic,a = 0:613; b= 0:387; x = 0:129; y = 0:871; N = 14)
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5.4 Conclusion of this Chapter

In this chapter, in orderto provide eachuserwith morerelevant information, we pro-

posedseveralapproachesto adaptingsearchresultsaccordingto eachuser's needfor

information. Ourapproachis novel in thatit allowseachuserto performa�ne-grained

search,which is notperformedin typicalsearchengines,by capturingchangesin each

user's preferences.We conductedexperimentsin order to verify the effectiveness

of the approaches:(1) relevancefeedbackandimplicit approaches,(2) userpro�les

basedon purebrowsing history, and(3) userpro�les basedon the modi�ed collab-

orative �ltering. We evaluatedthe retrieval accuracy of theseapproaches.The user

pro�le constructedbasedon modi�ed collaborative �ltering achieved the bestaccu-

racy. Thisapproachallowsusto constructamoreappropriateuserpro�le andperform

a �ne-grainedsearchthat is betteradaptedto eachuser's preferences. In thefuture,if

broadbandnetworksspreadwidely, informationis expectedto be provided in a vari-

ety of formssuchasmusic,moviesandsoon. In addition, moreinformation will be

providedfor mobile terminalssuchascellularphones,PDAs, or terminalsin carsfor

Intelligent Transportation Systems(ITS). We believe that the techniqueproposedin

this papercanbeappliedto situationswhereusersrequiremorerelevant information

to satisfytheir information needs.In futurework,weplanto conductexperimentswith

agreaternumberof subjectsandattemptto improveourproposedapproachesby using

a longertermof theuser's browsing history.
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Chapter 6

Conclusions

In thisthesis,in orderto improveretrieval accuracy of Websearch,westudiedmethods

for indexing the contentsof Web pagesmoreaccurately, andadaptingsearchresults

accordingto eachuser's needfor relevantinformation.

In Chapter2, we �rst describedthe framework of informationretrieval, andthen

brie�y showed the techniquesfor information retrieval. In Chapter3, we reviewed

relatedwork on Web searchbasedon its hyperlink structures,andWebsearchbased

onuser's preferences.

In Chapter4, in orderto addresstheproblemof Websearchthataccurateindexing

of Webpagesby consideringtheir contentsis not performed,we proposedthefollow-

ing threeapproachesto re�ning TF-IDF schemefor a target Web pageby usingthe

contentsof its hyperlinkedneighboringpages:

� theapproachrelieson thecontentsof all Webpagesat levels up to L (in )
th in the

backward directionand levels up to L (out )
th in the forward directionfrom the

targetpageptgt ,

� theapproachrelieson thecentroidvectorsof clustersgeneratedfrom Webpage

groupscreatedat eachlevel up to L (in )
th in the backward directionandeach

level up to L (out )
th in theforwarddirectionfrom thetargetpageptgt ,

� theapproachrelieson thecentroidvectorsof clustersgeneratedfrom Webpage

groupscreatedat levels up to L (in )
th in thebackwarddirectionandlevelsup to

L (in )
th in theforwarddirectionfrom thetargetpageptgt .
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Wefoundthatthemostaccuratefeaturevectorsof a targetWebpagecanbegenerated

whenwe generatere�ned featurevectorsusingeachcentroidvectorsof threeclusters

generatedin a Web pagegroupproducedusingall Web pagesat levelsup to second

in the backward directionfrom the target pagein the third methodabove. We could

obtained4.92%improvementin precisioncomparedwith TF-IDF scheme-basedfea-

turevector. Furthermore,whenthis re�ned featurevectorof Webpagesareiteratively

used,theaverageprecisionis furtherincreasedby 0.1%.

In Chapter5, in orderto addresstheproblemof Websearchthatmostsearchen-

ginescannotprovide searchresultsthat satisfyeachuser's needfor information, we

proposedthe following two methodsfor adaptingsearchresultsaccordingto each

user'sneedfor relevantinformation:

� purebrowsing history,

� modi�ed collaborative �ltering.

We foundthatmore�ne-grainedsearchsystemsthatadaptto a user's preferences can

be achieved by constructing userpro�les basedon modi�ed collaborative �ltering,

especially, usingdynamicnumberof usersin theneighborhood. In thiscase,wecould

obtain15.2%improvementin precisioncomparedwith Google.In addition,whenwe

analyzeuser'sbrowsing historybehavior in moredetail,wecouldachieveanadditional

1.1%improvement.

Our proposedapproachesdescribedin this thesiscontribute for indexing a target

Webpagemoreaccurately, andallowingeachuserto performmore�ne-grainedsearch

thatsatisfyhis/herinformationneed.

In futurework, wewill addressthefollowing task:

� In Chapter4, basedon theexperimental results,we could infer thatmoreaccu-

ratefeaturevectorof Webpagescanbegeneratedby assigning higherweightto

in-linkedpagesratherthanout-linkedpagesof a targetpage.Thus,we plan to

verify this inference.

� We usedtheK -meansalgorithmin orderto classifythefeaturesof in- andout-

linkedpagesof a target page. However, we have to setthe numberof clusters

initially in thisalgorithm. Therefore,weplanto devisesomeclusteringmethods.
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� In Section5, we conductedexperiments usingthe browsing history of 20 sub-

jects for 30 days. Therefore,we plan to conductexperimentswith a greater

numberof subjectsandattemptto improve our proposedapproachesby usinga

longertermof theuser'sbrowsinghistory.

In this thesis,wefocusedonWebpage,namelytext data.However, in thefuture,if

broadbandnetworksspreadwidely, informationis expectedto beprovidedin avariety

of formssuchasmusic,moviesandsoon. Therefore,we plan to extendmethodfor

indexing usinghyperlinkedneighboringpagesto othermedia,andalsoplanto extend

themethodfor adaptingsearchresultsto eachuser's information needto othermedia.
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Appendix

A Clustering Algorit hm

In this section,we review clusteringalgorithmsusedin this thesis. In the following,

wede�ne thesetof N patternsasfollows:

P = f P 1; P 2; � � � ; P N g; (6.1)

whereP i (i = 1; 2; � � � ; N ) is eachfeaturevector. We denoteeachclusteras Ci

(i = 1; 2; � � �). In additiion, the distancebetweentwo patternsP i andP j , andthe

distancebetweenapatternP i andaclusterCj aredenotedasd(P i ; P j ) andd(P i ; Cj ),

respectively. Furthermore,we denotethenumberof processedpatternsandgenerated

clustersasN P andN C, respectively.

A.1 K -MeansClustering

1. Initial K patternsarede�ned, andeachof thesepatternsis regardedasstandard

patternsof clustersC1 � CK . In addition, N P andN C areset to 1 andK ,

respectively.

2. The patternP N P is assignedto a clusterCj when the following equationis

satis�ed:

d(P N P ; Cj ) < d(P N P ; Ci ); (6.2)

wherei = 1; 2; � � � ; K and i 6= j . The value of N P is increasedby 1. If

N P > N , N P is setto 1.

3. New standardpatternp j is computedasfollows:

p j =
1

N j

X

P i 2 Cj

P i ; (6.3)

whereN j is thetotal numberof patternsassignedto Cj .

4. With regardtoall clusters,if thenew standardpatterncomputedin step3 is equal

to thepreviousstandardpattern,all of thestepsare�nished. Otherwise,return

to step2.
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A.2 K -NearestNeighbor Clustering

1. N P andN C aresetto 1, respectively. In addition,ClusterCN C whosestandard

patternis P N P is generated.

2. Thedistancede�ned by thefollowing equationis computed:

dj = d(P (N P +1) ; Cj ): (6.4)

dj thatis lessthanthresholdT is sortedin ascendingorder, then,patternP (N P +1)

is duplicatelyassignedupto theK th cluster. Thevalueof N P is increasedby 1.

3. If N P > N , all of thestepsare�nished. If N P � N , returnto step2.
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