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Studieson Impr oving Retrieval Accuracy
in Web Information Retrieval

KAZUNARI SUGIYAMA

Abstract

With the rapid spreadof the Internet,arnyone caneasilyaccess variety of infor-
mationon the World Wide Web (WWW). Sinceinformationresource®n the WWW
continueto grow, it hasbecomeincreasinglydif cult for usersto nd relevantinfor-
mationonthe WWW. In this situation Websearchenginesareoneof themostpopular
methoddor nding valuableinformation effectively. However, usersarenot satis ed
with theretrieval accurag of searchenginesWe considetthatthe following two facts
causehis problem:

(i) accuratendexing of Webpagedsby consideringheir contentss not performed,

(i) mostsearchenginescannotprovide searchresultsthatsatisfyeachusers infor-
mationneed.

Theaim of thisthesisis to addressheabove problemsn orderto improve retrieval
accurayg in Webinformation retrieval.

In information retrieval systemsbasedon the vector spacemodel, the TF-IDF
schemas widely usedto characterizelocumentsHowever, in the caseof documents
with hyperlirk structuressuchasWebpagesit is necessaryo develop atechniqueor
representinghe contentsof Web pagesmoreaccuratelyby exploiting the contentsof
their hyperlirked neighborirg pages. Therefore,in orderto addresghe problem(i),
we proposesereral approacheso re ning the TF-IDF schemdor a target Web page
by usingthe contentf its hyperlinked neighborig pages Experimentatesultsshov
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that,generallymoreaccuratdeaturevectorsof atamget\Web pagecanbegeneratedh
the caseof utilizing the contentsof its hyperlinked neighboringpagesat levels up to
secondn thebackwarddirectionfrom thetargetpage.

On the otherhand,Web searchengineshelp users nd usefulinformation on the
WWW. However, whenthe samequeryis submtted by differentuserstypical search
enginegeturnthe sameresultregardlesof who submitedthe query Generallyeach
userhasdifferentinformation needdor hisherquery Hence the searchresultshould
beadaptedo userswith differentinformationneeds.Thereforeto addressheproblem
(i), we proposesereralapproacheto adaptingsearchresultsaccordingo eachusers
needfor relevantinformation. Experimenal resultsshav thatmore ne-grainedsearch
systens thatadaptto users preference canbe achiezed by constructng userpro les
basedn modi ed collaboratve ltering.

We believethat,in the eld of Webinformationretrieval, our proposedpproaches
contribute for indexing a tamget Web pagemoreaccuratelyandallowing eachuserto
performmore ne-grainedsearctthatsatisfyhis/herinformationneed.

Keywords:

WW\W, information retrieval, hyperlirk, TF-IDF schemejnformation ltering, rele-
vancefeedbackusermodeling
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Chapter 1

Intr oduction

1.1 Background

TheWorld Wide Web (WWW) is ausefulresourcdor usergo obtainagreatvariety of
information. However, it is obvious thatthe numberof Web pagescontinuego grow.
Thereforejt is gettingmoreandmoredif cult for usergo nd relevantinformationon
the WWW. Underthesecircumstancesj\Veb searchengineis oneof the mostpopular
methoddor nding valuableinformation effectively. In the searchenginesdeveloped
in the early stagesof the Web, only termscontainedin Web pageswere utilized as
indices. Following thesesearchengines,in orderto achiaze more higher retrieval
accuray, in recentsearchenginesthe hyperlirk structuresof Web pagesareadopted
to index Web pages.For example,HITS (Hypertext InducedTopic Seart) [50] and
PageRank66] arewell-known algorithmsusingthehyperlinkstructureof Webpages.
However, themainshortcomigsof thesealgorithns are(1) theweightfor aWebpage
is merelyde ned; and(2) therelativity of contentsamonghyperlinked Web pagess
not considered.Consequentlythe problemof Web pagesrrelevantto a users query
often being ranked highly still remains. Therefore,in orderto provide userswith
relevantWebpagesit is necessaryo developatechniqudor representinghecontents
of Web pagesmore accurately Taking this point into account,we proposeseveral
approachewre ning theTF-IDF schemg78] for atagetWebpageusingthecontents
of its hyperlnkedneighboringpagesn orderto representhecontentof thetarget\Web
pagemoreaccuratelyWe proposethefollowing threeapproaches:



theapproactrelieson the contentsof all Web pagesatlevelsupto L i, )th in the
backward directionandlevels up to L(out)‘h in the forward directionfrom the

targetpagepyg:,

theapproachelieson the centroidvectorsof clustersgeneratedrom Web page
groupscreatedat eachlevel up to L(in)th in the backward directionand each
levelupto L(Out)‘h in theforward directionfrom the targetpagepg:,

theapproachelieson the centroidvectorsof clustersgeneratedrom Web page
groupscreatedat levels upto L g, )‘h in the backward directionandlevelsupto
Lny™ in theforwarddirectionfrom the target pagepig:

We evaluateretrieval accurag of the re ned featurevector obtainedfrom eachap-
proachandshow thatthe third approachs the mosteffective. Thesearedescribedn
Chapterd.

Thesystenemploying themethodin Chapte# allow usergo getrelevantinforma-
tion for their query However, searchresultsarereturnedn spiteof eachusersinfor-
mationneed.In otherwords,whenthesamegueryis submitedby differentusersmost
searchenginegeturnthe sameresultregardlessof who submts thequery In general,
eachuserhasdifferentinformation needsfor his/herquery Therefore ,we consider
thatWebsearchresultsshouldadaptto userswith differentinformation needs Several
information systemshave beenproposedn orderto personalizeénformation or pro-
vide morerelevantinformation for users. For example, (1) systens usingrelevance
feedbacl73], (2) systens in which usersregistertheir interestor demographidnfor-
mation and(3) systemghatrecommendnformationbasedon users'ratings.In these
systens, usershave to registerpersonainformation beforehandor usershave to pro-
vide feedbaclon relevantor irrelevantjudgenents,ratings,andsoon. Thesetypesof
registraton, feedbackor ratingscanbecometime consumingandusersprefereasier
methods Therefore we proposeseveral approacheshat canbe usedto adaptsearch
resultsaccordingto eachusers information needwithoutary effort from theuser We
proposethe following two approaches:

purebrowsing history,

modied collaboratve ltering.



We evaluateretrieval accurag of eachapproachandshaow thatthe secondapproachs
themosteffective. Thesearedescribedn Chapters.

We believethat,in the eld of Webinformationretrieval, our proposedapproaches
describedn this thesiscontributefor indexing a targetWeb pagemoreaccuratelyand
allowing eachuserto performmore ne-grainedsearctthatsatisfyhis/herinformation
need.

1.2 Organization of this Thesis

This thesisis organizedasfollows: In Chapter2, we rst describethe framewnork of

information retrieval, andthenbrie y show the techniquedor information retrieval.

Then,we review relatedwork on Web searchon the basisof its hyperlirk structures,
andWeb searchon the basisof users preferencegn Chapter3. In Chapter4, in order
to represetnthe contentsof the Web pagesmore accuratelywe proposeseveral ap-

proachego re ning TF-IDF schemdor atargetWeb pageby usingthe contentsof its

hyperlinked neighborhg pages.In Chapters, in orderto provide informationthatsat-
is es eachusersinformationneed,we proposeseveralapproacheo adaptingsearch
resultsaccordingto eachusers needfor relevantinformation. Finally, we conclude
thethesiswith asummaryanddirectionsfor futurework in Chapter6.






Chapter 2

Basic Techniquesin Information
Retrieval

In this chaptey we rst describethe framework of information retrieval, and then
brie y shav thetechniquedor informationretrieval suchasextractionof index terms,
retrieval models,andretrieval evaluation Finally, we describerelatedtechniquesof
information retrieval.

2.1 Intr oduction

Informationretrieval hasbeencharacterizedn a variety of ways,rangingfrom a de-
scriptionof its goals,to relatively abstractmodelsof its componentsand processes.
Generallythegoalof aninformationretrieval systemis for theuserto obtaininforma-
tion from the knowledgeresourcavhich helpshim/herin problemmanagementSuch
functions,or goals,of informationretrieval have beendescribedn generalmodelsof
thetypeshavn in Figure2.1. This modelillustratesbasicentitiesandprocesses the
information retrieval situatian.

In this model,a personwith somegoalsandintentions relatedto, for instancea
work task, nds thatthesegoalscannotbe attainedbecausehe persons resource®r
knowledgearesomehav inadequateA characteristiof sucha situaton is ananoma-
lous stateof knowledg or information need,which promptsthe personto engagen
active informationseekingbehaior, suchassubnitting a queryto aninformation re-
trieval system. The query that mustbe expressedn a languageunderstoodoy the

5
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Figure2.1. A generaimodelof information retrieval.



system is a representationf the information need. This is shavn in the right-hand
sideof Figure2.1. Dueto the inherentdif culty of representinganomalousstateof
knowledges,the queryin an informationretrieval systemis always regardedas ap-
proximae andimperfect.

Ontheothersideof Figure2.1,thefocusof attentionis the information resources
thattheuserof theinformationretrieval systemwill eventualy accessHere,themodel
considerdghe authors of texts; the groupingof texts into collections(e.g.,databases;
therepresentatiorof texts; andtheorganizaton of theserepresentationsto databases
of text surrogates A typical surrogatenvould consistof a setof index termsor key-
words.

The comparisonof a query and surrogatespr in somecasesdirect interaction
betweenthe userandthe texts or surrogategasin hypertet systens), leadsto the
selectionof possilty relevantretrievedtexts. Theseretrievedtexts arethenevaluated
or used,andeitherthe userwill leave the information retrieval system,or the evalu-
ation leadsto somemodi cation of the query the informatian need,or, morerarely,
the surrogates.The processof query modication throughuserevaluationis known
asrelevancefeedbak [73] in information retrieval. In Section2.5.1,this processs
describedn detail.

2.2 Extraction of Index Terms

Not all wordsareequallysigni cant for representinghe semanticof adocumentin
writtenlanguagesomewordscarrymoremeaninghanothers.Usually, nounwordsor
groupsof nounwordsarethe onesthataremostrepresentatie of adocumentontent.
Thereforejt is usuallyconsideredvorthwhileto preprocesshetext of thedocuments
in the collectionto determinethe termsto be usedasindex terms During this pre-
processingphase other usefultext operationscan be performedsuchas elimination
of stopwords, stemmirg (reductionof a word to its grammaticalroot). Thosetext
operationsaredescribedn this section.



2.2.1 DocumentPreprocessing

Documentpreprocessings a procedurewhich canbe divided mainly into four text
operationsr transformatios:

(1) Lexical analysisof thetext with the objectve of treatingdigits, hyphenspunc-
tuationmarks,andthe caseof letters.

(2) Eliminationof stopwordswith theobjectve of Itering outwordswith very low
discrimnationvaluesfor retrieval purposes.

(3) Stemmiry of the remainingwordswith the objectve of removing af x es(i.e.,
pre xesandsufx es)andallowing theretrieval of documentgontainingsyntac-
tic variationsof queryterms(e.g.,connectconnectingconnectedetc).

(4) Selectiorof index termsto determinavhichwords/stemsr groupsof wordswill
be usedasanindexing elements.Usually, the decisionon whethera particular
word will beusedasanindex termis relatedto the syntacticnatureof theword.
In fact, nounwords frequentlycarry more semanticghan adjectves, adwerbs,
andverbs.

In thefollowing, eachof thesephasess explainedin detail.

2.2.2 Lexical Analysis of the Text

Lexical analysidgs the procesof cornvertinga streamof thetext of the documentsnto
astreanof words(the candidatevordsto beadoptedasindex terms).Thus,oneof the
major objectvesof the lexical analysisphaseis the identi cation of the wordsin the
text. At rst glance all thatseemdo beinvolvedis therecognitionof spacesasword
separators.However, thereis moreto it thanthis. For instance the following four
particularcaseshave to be consideredtarefully: digits, hyphens,punctuatiormarks,
andtheloweranduppercaseof theletters.

Numbersareusuallynotgoodindex termsbecausé¢hey 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 clearlyimportantindex term. In this casejt is not clearwhat
rule shouldbe applied. A preliminary approactto treatingdigits in the text might be

8



to remove all wordscontainingsequencesf digits unlessspeci ed otherwisethrough
regularexpressions.

Hyphensposeanotherdif cult decisionto the lexical analyzer Bre&ing up hy-
phenatedvordsmight be usefuldueto inconsisteng of usage.For instancethis al-
lows treating state-of-the-artand "stateof the art' identically. However, therewere
wordswhich includehyphensasanindispensablgartsuchas gilt-edge, 'B-49," and
soon. Again, the mostsuitableprocedureseemdo adopta generalrule and specify
theexceptionson a caseby casebasis.

Punctuationrmarksare usually removed entirely in the processof lexical analy-
sis. While somepunctuationmarksare an integral part of the word (for instance,
'510B.C), remawving themdoesnot seemto have animpactin retrieval performance
becaus¢herisk of misinterpretationin thiscasas minimal. In fact,if theuserspeci es
"510B.C. in his query removal the dot bothin the querytermsandin the documents
will not affect retrieval. However, very particularscenariognight againrequirethe
preparatiorof alist of exceptions.For instanceif aportionof aprogramcodeappears
in thetext, it mightbewiseto distinguishbetweerthevariables x.id' and xid." In this
casethedotmarkshoutl notberemoved.

The caseof lettersis not usuallyimportant for the identi cation of index terms.
As aresult,thelexical analyzemormally corvertsall thetext to eitherlower or upper
case. However, oncemore, very particularscenariognight requiredistinction to be
made. For instance,whenlooking for documentsvhich describedetailsaboutthe
commandanguageof a Unix-like operatingsystem the usermight explicitly desire
thenon-cowerson uppercasedecausehisis the corventionin theoperatingsystem.
Moreover, part of the semanticanight be lost dueto casecorversion For instance,
thewordsBankandbankhave differentmeaningsThis factis commonto mary other
pairsof words.

All thesetext operationsanbeimplementedvithout dif culty . However, careful
though shouldbe given to eachone of them becausdahey might have a profound
impactatdocumentetrieval time.

2.2.3 Elimination of Stopwords

Wordsthataretoo frequentamongthe documentsn the collectionarenot gooddis-
criminators.In fact,aword which occursin 80% of the documentsn the collectionis

9



uselessor purpose®f retrieval. Suchwordsareoftenreferred to asstopwodsandare
normally Itered outaspotentialindex terms.In addition thestopwordsarewordsthat
doesnot carry meaningin naturallanguage.Generally semants of nounsis easier
to identify andto graspsincenounshave meaningby themseles. Therefore articles,
prepositons,andconjunctionsarenaturalcandidatesor alist of stopwords

Eliminationof stopwordscontritutesto reducingthe sizeof theindexing structure
considerablyIn fact,it is commonto obtaina compressioin the sizeof theindexing
structureof 40% or moresolelywith the elimination of stopwords.

Sincestopword eliminaion also providesfor compressiorof the indexing struc-
ture, the list of stopwords might be extendedto include words other than articles,
prepositons,andconjunctins. Forinstancesomeverbs,adwerbs,andadjectvescould
betreatedasstopwords. SMART system[78], thatis atraditionalretrieval systemfor
English documentsprovidesallist of 571 stopwords'.

Oneof the problemsin elimination of stopwordsis to reducerecall. For instance,
let usconsidera userwhois looking for documentgontainingthe phraseto be or not
tobe! Inthiscasegliminationof stopwordsmightleave notermsmakingit impossble
to properlyrecognizethe documentsvhich containthe phrasespeci ed. Thisis one
additional reasorfor theadoptionof afull 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, and pasttensesufx esareexampkesof syntactical
variatiors which preventa perfectmatchbetweera queryword andarespectre docu-
mentword. This problemcanbe partially overcomewith the subsitution of thewords
by their respectie stems.

A stemis the portion of a word which is left afterthe removal of its af x es(i.e.,
pre xesandsufx es). A typical exampk of a stemis the word connectwhich is the
stemfor the variantsconnectedconnecting connection andconnections Stemsare
thougtt to be usefulfor improving retrieval performancéecausehey reducevariants
of thesamerootwordto acommonconcept Furthermorestemmnghasthesecondary
effect of reducingthe size of the indexing structurebecausdhe numberof distnct

tp://ftp.cs.ornell.edi/publsmart/english.st
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index termsis reduced.

While the agumentsupportingstemmingseemssensible thereis controversyin
theliteratureaboutthe bene ts of stemmiry for retrieval performanceln fact, differ-
entstudiesleadto rathercon icting conclusions Frakes[29] comparesightdistinct
studiesonthepotentialbene tsof stemmingandconcludeghattheresultsof the eight
experimenal studiesheexploreddo notreacha satishctoryresultsalthoughhe favors
the usageof stemning. As aresultof thesedoubts,mary Web searchenginesdo not
employ ary stemning algorithmwhatsoeer.

In afx removal, the mostimportantpartis sufx removal becausanostvariants
of a word are generatedy the introductionof sufx es. While the Lovins algorithm
[58], the Paice/Huskalgorithm[67] is well known sufx removal algorithms the most
popularoneis thatby Porter[68] becausdts simgicity andelegance.The programof
the Porteralgorithmin C, Jasa, andPerlis alsoprovidecf.

2.3 Retrieval Models

In this section,we shav thefollowing threeclassicinformationretrieval models
(1) theBooleanmodel,
(2) thevectorspacemodel,
(3) theprobabilisic model.

In the following discussion]et t; be anindex term, d be a document,andw{’i bea
weightassociateavith t; in d. This weightquanti estheimprtanceof theindex term
for describingthe documentsemanticcontents. In addition,let m be the numberof
distinctindex termsin thesystemandt; beagenericindexterm. T = fty;t;; ;tmQ
is the setof all index terms. A weightw{’i is associatedvith eachindex termt; of a
documend. For anindex termwhich doesnot appeaiin the documentext, w;’i = 0.
With thedocumentd is associateavith anindex termvectorw ¢ representedy

wd = (wd;wd; ;wl ). Furthermorelet g be afunction that returnsthe weight
associatedavith theindex termt; in ary m-dimensionalector(i.e., gi(ti) = w{’i). We
assumehatindex term weightsare mutualy independent.n otherwords, knowing

2http://www.tattarus.og/ martinPorterStemrer/
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theweightwtdi tells usnothingabou'rtheWeightwtdi+1 . Thisis asimgi cation because
occurrencesf index termsin adocumenfrenotuncorrelated.

2.3.1 BooleanModel

The Booleanmodelis a simpleretrieval modelbasedon settheory and Booleanal-
gebra. Sincethe conceptof a setis quite intuitive, the Booleanmodel provides a
framewnork which is easyto graspby a commonuserof aninformationretrieval sys-
tem. Furthermorethe queriesare speci ed asBooleanexpressionghat have precise
semantics.Given its inherentsimplicity andneatformalism the Booleanmodelre-
cievedgreatattentionin pastyearsandwasadoptedoy mary of the earlycommercial
bibliographicsystems

However, the Booleanmodelhasthe following two dravbacks. First, its retrieval
strat@y is basedon a binary decisioncriterion (i.e., a documentis predictedto be
eitherrelevantor non-relezanf without any notionof a ranking,which preventsgood
retrieval performanceSecondwhile Booleanexpresionshave precisesemanticsit is
not often simple to translatean informationneedinto a Booleanexpressiao. In fact,
mostusers nd it dif cult and awkward to expresstheir query requestsan termsof
BooleanexpressionsThe Booleanexpressios actuallyformulatedby usersareoften
quite simple. Despitethesedravbacks,the Booleanmodelis the standardnodelfor
currentlarge scale operationalnformationretrieval systems.

TheBooleanmodelconsiderghatindex termsarepresenbr absentn adocument.
As aresult,the index term weightsare assumedo be all binary; i.e., w{’i 2 f0; 1g.
A query Q is composedof index termslinked by three connectves: not, and or.
Thus, a query is essentiallya corventioral Booleanexpressionthat can be repre-
sentedasa disjuncton of conjunctie vectors(i.e., in disjunctve normalform). For
instancethe query[Q = t, * (i t, _ tc)] canbewritten in disjurnctive normalform
as[Qur = (1,1,1)_ (1;0;1) _ (1;0;0)], whereeachof the componerg is a binary
weightedvectorassociatedavith the tuple (t,; tp; tc). Theseweightedbinary vectors
are calledthe conjunctve component®f Q 4.; . Figure2.2illustratesthe threecon-
junctive componerg for thequeryQ.

In summnary, the Booleanmodelis de ned as Figure 2.3. The Booleanmodel
predictsthat eachdocuments eitherreleventor non-relevant Thereis no notion of
a partial matd to the query conditiors. For instance,let d be a documentwhere

12



Figure2.2. Thethreeconjunctve components$or thequery[Q = t,* (i ty, _ to)].

De nition  Booleanmodel

For the Boolean model, the index term weight variablesare all binary; i.e.,
Wtdi 2 f0;1g. A queryQ is a corventional Booleanexpression. Let Q4 be
disjunctive normalform for the queryQ. In addition,let Q .. be ary of the con-
junctive componerg of Q,; . The similarity sim(d; Q) of a document to the

gueryQ is de ned asfollows:

8
sim(d; Q) = < 1; if 9Qc(Qec 2 Qunr ) _ (Bti; Gi(W?) = 6i(Qo))
’ : 0; otherwise

If sim(d;Q) = 1thenthe Booleanmodelpredictsthatthe documend is relevant
to thequeryQ. Otherwisethepredictionis thatthedocumentis notrelevant.

Figure2.3. De nition of the Booleanmodel.
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d = (0;1;0). Documend includestheindex termt, but is consideredon-releantto
thequery[Q = t, ™ (i tp _ to)].

The main advantagesf the Booleanmodel are the cleanformalism behindthe
modelandits simplicity. Ontheotherhand themaindisadwartageis thatexactmatch-
ing may leadto retrieval of too few or too mary documents.Nowadays,it is well
known that index term weighting canleadto a noticeableimprovementin retrieval
performance.

2.3.2 Vector SpaceModel

The vectorspacemodel [76] recognizedhat the useof binary weightslike Boolean
modelis too limiting and proposesa framewvork where partial matchingis possible.
This is accomplishedy assigning non-binaryweightsto index termsin queriesand

in documentsThesetermweightsare utlimately usedto computesimilarity between
eachdocumenstoredin the systemandthe userquery By sortingtheretrieveddocu-
mentsin decreasingrderof this similarity, the vectormodeltakesinto accountdocu-
mentswhich matchthe querytermsonly partially. The mainresultanteffectis thatthe

rankeddocumentinswelsetis alot moreprecisen thesenset bettermatchegheuser
informatian needthanthe documentanswersetretrieved by the Booleanmodel. The

vectorspacemodelcanbe summnarizedas Figure 2.4. Therefore,a documentd and

auserqgueryq arerepresentedsm-dimensionalvectorsasshaovn in Figure2.5. The

vectormodelproposego evaluatesimilarity of documents with regardto the query
q asthecorrelationbetweerthevectorsw® andQ. This correlationcanbe quanti ed,

for instancepy thecosineof theangle betweerthesetwo vectors.In otherwords,
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wherejwYj andjQj arethe normsof the documentndqueryvectors.ThefactorjQj
doesnot affect the rankingbecaussét is the samefor all documents The factorjw 9]
providesa normalizationin the spaceof thedocumend.

Sincew! Oandg, 0, sim(w? Q) variesfrom 0 to +1. Thus,insteadof
attemptngto predictwhethera documents relevantor not, thevectormodelranksthe
documentsaccordingto their similarity to the query A documenimight be retrieved
evenif it matcheghe queryonly partially. For instancepnecanestablisha threshold
onsim(w¢; Q) andretrieve thedocumentsvith similarity above thatthreshhold But,
in orderto computerankings,we rst needto specify how index term weightsare
obtained.Index termweightscanbe calculatedn mary differentways. Saltonet al.
[78] reviews a variety of term-weightingtechniques.

In the vectorspacemodel,the raw frequenyg of atermt; insidea documentd is
guanti ed. Suchtermfrequeny is usuallyreferredto asthe TF factorand provides
onemeasuref how well thattermdescribethe documentontents Furthermorethe
inverseof the frequeny of a termt; amongthe documentsn the collectionis also
qguanti ed. This factoris usuallyreferredto asthe Inverse DocumentFrequencyor
the IDF factor The motivation for usageof an IDF factoris thattermswhich appear
in mary documentsarenot very usefulfor distingushinga relevantdocumentrom a
non-releantone.
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De nition  Vectorspacemodel

Forthevectorspacemodel,theweightw{‘i is positveandnon-binary Furthermore,
theindex termsin thequeryarealsoweighted.Let ¢, betheweightof queryvector
Q. Then,thequeryvectorQ isde nedasQ = (4,;%,; ;&,) Wherem isthe
total numberof index termsin the system As before,thevectorfor adocument

is representety w? = (wd;wd;  swd ).

LetN bethetotal numberof documentsn thesystemandd (t;) bethenumberof
documentswheretheindex termt; appearsLet tf (t;; d) betheraw frequeng of
termt; in thedocumend (i.e., thenumtler of timesthetermt; is mentionedn the
text of thedocumend). Then,thenormalizedirequeng tf ,, , (ti; d) of termt; in
documend is givenby,

tf (ti;d)

tf nrm(ti;d) = jr‘r‘|:1 tf (tj,d).

If thetermt; doesnot appeaiin the documend thentf o, (ti; d) = 0. Further
more,letidf (t;), inversedocumenfrequeny for t;, begivenby,

idf (tj) = Iogd’?ti):

Thebestknown term-weightingschemesiseweightsthataregivenby,

WtdI = ff nrm(ti;d) idf (ti)
tf (t;; d) N
p lo ;
T (G0 o d (n)

or variationof this formula. The term weighting stratejies describedabove are
calledTF-IDF schemes.

Figure2.4. De nition of thevectorspacenodel.
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Figure2.5. VectorSpaceModel.
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Saltonetal. [77] examineseveralvariationsof the expressbn describedn Figure
2.4 for the weight Wfi' . However, in generalthe above expressionshouldprovide a
goodweightingschemdor mary collections.

For thequerytermweights,they suggest,

05 Of (1))

— . N .
qti) = O.5+pm Iogm, (2.2)

whereQf (t;) is theraw frequeny of thetermt; in thetext of thequeryq.

Themainadwantage®f thevectorspacemodelare: (1) its term-weightingscheme
improvesretrieval performance;(2) its partial matchingstratey allows retrieval of
documentghat approximatehe query conditions; and(3) its cosinerankingformula
sortsthedocumentsccordingo their similarity to thequery Theoreticallythevector
modelhasthe disadwantgethatindex termsareassumedo be mutuall independent.

Despiteits simplicity, thevectorspacanodelis effective rankingstrateyy with gen-
eralcollections.It yieldsranked answersetswhich aredif cult to improve onwithout
gueryexpansioror relevancefeedback'seeSection2.5.1)within theframawork of the
vecorspacemodel. Although a large variety of alternatve rankingmethodshasbeen
comparedvith thevectorspacemodel,the consensuseemso bethat,in generalthe
vectorspacemodeleithersuperioror almostasgoodasthe known alternatves. Fur
thermore|t is simde andfast. For thesereasonsthe vectorspacemodelis a popular
retrieval modelnowadays

2.3.3 Probabilistic Model

Robertsoret al. [72] introducedthe classicprobabilstic model. The modellater be-
cameknown asthe Binary Independenc®etriesal (BIR) model.

Theprobabiligic modelis basedn thefollowing fundamentahssumptn.

Givenauserqueryq, theprobabiligic modelassigngo eachdocumentl, asamea-
sureof its similarity to thequery theratio, P (d relevant-toq)/P (d non-releant-toq)
which computeghelikelihoad of thedocumend beingrelevantto the queryq. Tak-
ing the likelihood of relevanceasthe rank minimizesthe probability of anerroneous
judgemen{103, 32]. The probabilisic modelcanbe summarizedasshowvn in Figure
2.6
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De nition  Probabiistic model

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

W{’i 2 10,19, wy 2 f0;1g. A queryqis asubsebf index terms.Let R betheset
of documergknown (orinitially guessedo berelavent. Let R bethecomplement
of R (i.e., the setof non-releyantdocuments)Let P (Rjd) be the probability that

thedocumend is relevantto the queryq andP (Rjd) bethe probabilty thatd is

non-releyantto gq. The similarity sim(d;qg) of the documentd to the queryq is

de ned theratio,

P(Rjd).

sim(d;q) = P(RID)’

Figure2.6. De nition of the probabilisic model.

UsingBayes'rule, theequationde nedin Figure2.6 canbe expressedasfollows:

P(R) P(R),

SIm(da = 5GRy P(R):

P (djR) standdor the probability of randomlyselectingthe document from the set
R of relevantdocumerd. In addition,P (R) standgor the probabilitythatadocument
randomly selectedfrom the entire collectionis relevant. The meaningsattachedo
P (djR) andP (R) areanalogousandcomplenentary

P (R) andP (R) arethesaméfor all thedocumentsén thecollection,in otherwords,
they areconstantsTherefore,

P(diR).
P(djR)’

sim(d;q)

Assumng independencef index terms,

Q . Q )
Ca@=1 P(tIR)  “g =0 P(tijR)
“a@=1 PEIR)  g@=o PIR)’

P (tijR) standdfor the probabilitythatthe index termt; is presenin a documentan-
domly selectedrom thesetR. P (t;jR) standgor the probability thatthe index term

sim(d;q)
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ti is notpresenin adocumentandomlyselectedrom thesetR. Theprobabiltiesas-

sociatedvith thesetR have meaningsvhich areanalogougo theonesjustdescribed.
Takinglogarithns, recallingthatP (t;jR) + P(tjjR) = 1, andignoringfactorswhich

areconstanfor all documentsn the contect of the samequery we can nally write,

|
- X d P(tijR) 1 P(tjR) .
sim(d;q) B G W Iogm+ ogm ;
whichis akey expressiorfor rankingcomputatbn in the probabiligic model.

Sincewe do notknow thesetR atthebeginning, it is necessaryo deviseamethod
for initially computng the probabilitiesP (t;jR) andP (t;jR).

In thevery beginning (i.e.,immediatelyafterthe queryspeci cation),thereareno
retrieveddocumentsTherefore pnehasto make simplifying assumpgbnssuchas:
(a) assumehatP (t;jR) is constanfor all index termst; (typically, egaulto 0.5),and
(b) assumehatthedistribution of index termsamongthe non-relezantdocumentsan
beapproximatedy thedistribution of index termsamongall documentsn thecollec-
tion. Thesetwo assumpbnsyield,

P(tijjR) = 05
Pjr) = T,

where,asalreadyde ned, d (t;) is thenumberof documentsvhich containtheindex
termt; andN is the total numberof documentsn the collection. Given this initial
guesswe canthenretrieve documentsvhich containquerytermsandprovide aninitial
probabilstic rankingfor them. After that, thisinitial rankingis improved asfollows.
LetV beasubsebf adocumentsnitially retrievedandrankedby the probabiligic
model. For instance,sucha subsetcanbe de ned asthe top r ranked documents
wherer is a previously de ned threshold. Furthermore et V, be the subsetof V
composedf thedocumentsn V which containtheindex termt;. For simdicity, we
alsousejVj andjV,j to denotethe numberof elementsn thesesets.For improving the
probabilstic ranking,we needto improve our guesses$or P(t;jR) andP (t;jR). This
canbeaccomplisheavith thefollowing assumptias: (a) we canapproximateP (tijR)
by thedistribution of theindex termt; amongthedocumentsetrievedsofar, and
(b) we canapproximae P (tjjR) by consideringthatall the non-retrizzed documents
arenon-releant. With theseassumptias,we canwrite,
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VI

P(tjR) = v’
: d(ti) Vi
PaiR) = S

This procesganthenberepeatedecursvely. By doingso,we areableto improve on
our guessedor the probabilitesP (tjjR) and P (t;jR) without ary assistancérom a
humansubject.However, we canalsouseassistancérom theuserfor de nition of the
subseW asoriginally conceved.

The last formulasfor P(tjjR) andP (t;jR) poseproblemsfor small valuesof V
andV; suchasV = 1l andV, = 0. To alleviate theseproblems,an adjustnent factor
40i) is oftenaddedasfollows:

Loy v
. d () jvij+ T
P(tijR) N viFL

2.4 Retrieval Evaluation

In aninformationretrieval systemsincetheuserqueryrequests inherentlyvague the
retriecveddocuments&renotexactanswersHowever, they have to berankedaccording
to the relevanceto their query Suchrelevancerankingintroducesa componenthat
playsa centralrole in information retrieval. Thereforeinformation retrieval systems
requirethe evaluationof how precisethe answersetis. This type of evaluationis
referredto asretrieval performanceevaluation.

In this section,we discussretrieval performanceevaluaton for information re-
trieval systens. Suchan evaluationis usually basedon a testreference collection
andon anevaluation measureThetestreferencecollectionconsistof a collectionof
documentsa setof exampleinformationrequestsandasetof relevantdocumentgro-
videdby specialistgor eachexampleinformationrequestGivenaretrieval stratgy S,
for eachexampleinformationrequestthe evaluaton measureuanti esthe similarity
betweerthesetof documentsetrievedby S andthe setof relevantdocumentganswer
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sets)provided by the specialiss. This providesan estimaton of the goodnes®f the
retrieval stratgy S.

In the following discussionwe rst explain the two mostpopularretrieval eval-
uation measuresrecall and precision. We also explain alternatve evaluaton mea-
suressuchasthe E-measureand the harmonicmeanthat is often referredto asthe
F -measure.

2.4.1 Recalland Precision

Let usconsideranexampleinformationrequest andits setR of relevantdocuments.

Let jRj bethe numberof documentsn this set. Furthermorelet jR,j bethe number

of documentsn theintersectiorof the setsR andA. Figure2.7 shovsthesesets.
Therecallandprecisionmeasuresrede ned asfollows:

Recall

Thismeasures thefractionof therelevantdocumerd (thesetD r in Figure2.7)which
have beenretrieved,i.e.,

JDR.J .

Recal = —2~:
JDR]J

(2.2)

Precision

This measures the fraction of the retrieved documentgthe setD , in Figure 2.7)
whichisrelevant,i.e.,

Precision = J.D—Ra.J: (2.3)

DA

Recallandprecision,asde ned by Equation(2.2) and(2.3), respectrely, assumehat
all documentsn the answersetD 5 at once. Instead,the documentsn D, are rst
sortedaccordingto a degreeof relevance,in otherwords,arankingis generatedThe
userthenexaminesthis ranked list startingfrom the top document.In this situaton,
therecallandprecisionmeasuresary astheuserproceedsvith hisherexaminationof
theanswersetD 5. Thus,properevaluationrequiresplotting a precisionversusrecall
curve asfollows.
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Figure2.7.Recallandprecisionfor a given exampleinformationrequest.
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As before,considera referencecollectionandits setof exampleinformationre-
guestsLet usfocusonagiven exampleinformationrequestvherea queryqis formu-
lated. Assumethata setR containng the relevantdocumentdor g hasbeende ned.
Withoutlossof generalityassumédurtherthatthesetR is composeaf thefollowing
documents

Rq = fdy; ds; dg; d17; dp1; dss; daz; dsp; d7g; dgz0:

Thus,accordingto a groupof specialiststhereareten documentsvhich arerelevant
to thequeryq.

Now, let usconsideranew algoritmwhich hasjustbeendesignedFor thequeryq,
assumehatthis algorithmreturnsa rankingof the documentsn the answersetasthe
following.

Rankingfor queryq:
1.ds,? 6. dio 11.d3 16.d35? 21.d47? 26. dog
2. dsg 7.dp? 12.d1; 17.d35 22.d37 27. dg7
3. dys 8. dss 13.dg? 18. d1o7 23.d36 28. dg;
4.dy"7? 9. des 14.dsg 19. dg3? 24. dg1 29.d,77?
5.ds 10. dg? 15.d7, 20.dy3 25.ds7? 30.dyss

The documentghat arerelevantto the query q are marked with a starafterthe doc-

umentnumber If we examinethis ranking, startingfrom the top documentwe can
obsene the following points. First, the documentds, which is ranked as numberl

is relevant. Furthermorethis documentcorresponds$o 10% of all the relevantdocu-
mentsin thesetR,. Thus,we cansaythatwe have aprecisionof 100%at 10%recall.

Secondthedocument,; whichis rankedasnumber 4 is the next relevantdocument.
At this point, we cansaythatwe have a precisionof 50% (two document®ut of four

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

if we proceedwith our examinaton of the generatedanking,we canplot a curve of

precisionversusrecall asshavn in Figure2.8. This precisionversusrecall curve is

usuallybasedon 11 standad recalllevelswhich are0%, 10%,20%, ,100%.
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Figure2.8. Pregsion at 11 standardecalllevels.
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In the above example,the precisionandrecall gures arefor a singlequery Usu-
ally, however, retrieval algorithmsare evaluatedby runningthemfor several distinct
gueries.In thiscaseadistinct precisionversugecallcurveis generatedor eachquery
To eveluatetheretrieval performancef analgorothmover all testquerieswe average
theprecision gures ateachrecalllevel asfollows:

whereP(r) is the averageprecisionat the recall leval r, N4 is the numberof used
queriesandP;(r) is the precisionatrecalllevel r for thei'" query

The curve of precisionversusrecall which resultsfrom averagingthe resultsfor
variousqueriesis usuallyreferredto asprecisionversusrecall gures. Suchaverage
gures arenormally usedto comparetheretrieval performancef distinct retrieval al-
gorithnms. For example,onecouldcompareetrieval performancef anewly proposed
retrieval algorithmwith the retrieval performanceof the classicvectorspacemodel.
Figure 2.9 illustratesaverageprecisionversusrecall gures for two distinct retrieval
algorithns, (a) and(b). In this casethe algorithm (a) hashigherprecisionat lower
recalllevelswhile thealgorithm(b) is superiorat higherrecalllevels.

Averageprecisionversusrecall gures are now standardevaluation strateyy for
information retrieval systensandareusedwidely in theinformationretrieval literature.
They areusefulbecauséhey allow usto evaluatequantatvely boththe quality of the
overallanswersetandthe breadthof theretrieval algorithm.

Averageprecisionversusrecall gures areusefulfor comparingthe retrieval per
formanceof distinct algorithns over a set of example queries. However, thereare
situatonsin whichwe would lik e to compareheretrieval performancef ourretrieval
algorithns for the individual queries. In this case,a single precisionvalue for each
guerycanbeused.This singlevalueshouldbeinterpretedasa sumnary of the corre-
spondng precisionversusrecallcurve. Usually, this singlevaluesumnary is takenas
the precisionat a speci edrecalllevel. For instancewe could evaluatethe precision
whenwe obsenethe rst relevantdocumentindtake this precisionasthesinglevalue
sumnary.
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Figure2.9. Recallandprecisionfor a given exampleinformationrequest.

27




Average Precisionat SeerRelezantDocuments

Theideahereis to generate single value summaryof the rankingby averagingthe
precision gures obtainedaftereachnew relevantdocuments obsenedin theranking.
For instanceconsiderthe examplein Figure2.8. The precision gures aftereachnewv
relevantdocuments obseredare1.0,0.5,0.43,0.4,0.38,0.375,0.368,0.364,0.36,
and0.34. Thus, the averageprecisionat seenrelevant documentss given by (1.0
+ 0.5+  +0.34)/100r 0.45. This measurdavors systemswhich retrieve relevant
documenquickly (i.e., earlyin theranking).

R-Precision

Theideahereis to generatea single value summaryof the rankingby computingthe
precisionat the R posiion in the ranking, whereR is the total numberof relevant
documentdor the currentquery (i.e., the numberof documentsn the setR). For
instancegconsiderthe exampksin Figure2.8. Thevalueof R-precisionis 0.4 for this
examplebecausdk = 10 andtherearefour relevantdocumend amongthe rst ten
documentsn theranking. TheR-precisiormeasurés ausefulparametefor observing
thebehaior of analgorithmfor eachindividual queryin anexperiment.Additionally,

onecanalsocomputeanaverageR-precision gure overall queries.

PrecisionHistograms

The R-precisionmeasuredor several queriescan be usedto comparethe retrieval
history of two algorithmsas follows. Let RPA(i) and RPg (i) be the R-precision
valuesof the retrieval algorithmsA andB for thei" query For instancede ne the
difference,

RPA:B (|) = RPA(l) RPB(l)

A valueof RPa-g (i) equalto 0 indicatesthat both algorithnms have equvalentper
formancefor thei™ query A positive valueof RPa-g (i) indicatesa betterretrieval
performancedy algorithmA for thei®™ querywhile a negative valueindicatesa bet-
ter retrieval performanceéy algorithmB . Figure2.10illustratesthe RP =g (i) values
for two hypoteticalretrieval algorithmsover ten examplequeries. The algorithmA
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is superiorfor sevenquerieswhile thealgorithmB performsbetterfor thethreeother
gueriegnumbered, 7,and10). Thistypeof bargraphis calleda precisionhistogram.

2.4.2 Alter native Measures

Despitetheir popularity sincerecall and precisionare not always the most appro-
priate measuregor evaluatingretrieval performancealternatve measuresiave been
proposedvertheyears.In thefollowing, we brie y review someof them.

The Harmonic Mean (F -Measure)

As discusse@bove, asinglemeasuraevhichcombinegecallandprecisionmight be of
interest.Onesuchmeasures the harmonicmeanF of recallandprecision[48] which
is computeds,

FG) = o

rg) = PG)

2r())PG) .

rG)+P@)’

wherer (j) is therecallfor thej " documenin theranking,P (j) is the precisionfor
thej™ documentin the ranking,andF (j) is the harmonicmeanof r(j) andP(j)
(thus, relative to the j " documentin the ranking). The function F assumewalues
in theinterval [0,1]. It is O whenno relevantdocumentsave beenretrieved andis 1
whenall ranked document arerelevant. Furthermorethe harmonicmeanF assumes
a high valueonly whenboth recall and precisionare high. Therefore determinaton
of themaximum valuefor F canbeinterpretecasanattemptto nd thebestpossible
compromse betweenrecall and precision. This measures often referrad to asF -
measure.

The E-Measure

Anothermeasurevhichcombinegecallandprecisionwasproposedy vanRijsbegen
[103] andis calledthe E evaluaton measureTheideais to allow the userto specify
whetherhe/shas moreinterestedn recall or in precision. The E-measures de ned
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asfollows:

b?

TR

EG)=1

1+
&2
EAO)
wherer (j) is therecallfor thej " documenin theranking,P (j) is the precisionfor
thej™ documentin the ranking, E(j) is the E evaluationmeasurerelative to r(j)
andP(j), andbis a userspeci ed parametewhich re ects the relative importance
of recallandprecision.For b= 1, theE(j ) measuravorks asthe complemenbf the
harmoniameanf (j ). Valuesof bgreatethanl indicatethattheuseris moreinterested
in precisionthanin recallwhile valuesof b smallerthanl indicatethattheuseris more

interestedn recallthanprecision.

2.5 Related Tedniquesof Information Retrieval

2.5.1 RelevanceFeedback

Relevancefeedbacl{73] is the mostpopularqueryreformulationstratgy. In arele-
vancefeedbaclkcycle, the useris presentedvith alist of theretrieved documentsand
marksthosethatarerelevantafter examining them. In practice,only thetop 10 or 20
rankeddocumentseedto be examined.Themainideaconsistof selectingmportant
terms,or expressios, attachedo the documentghathave beenidenti ed asrelevant
by the user and of enhancinghe impartanceof thesetermsin a new queryformu-
lation. The expectedeffectis thatthe new querywill be movedtowardsthe relevant
document@andaway from the non-releantones.

Early experimens usingthe SMART system[76] andlater experimentsusingthe
probabilstic weightingmodel[72] have shovn good improvementsin precisionfor
smalltestcollectionswhenrelevancefeedbacks employed. Suchimprovementcome
from the useof two basictechniques:query expanson (additionof new termsfrom
relevantdocumentsandtermreweighting(modi cation of termweightsbasedn the
userrelevancejudgement).

Relevancefeedbaclkpresentshefollowing mainadwantage®ver otherqueryrefor-
mulation strateyies: (a) it shieldsthe userfrom the detailsof the queryreformulation
procesdecausall the userhasto provide is arelevancejudgemenbn documents
(b) it breaksdown the whole searchingaskinto a sequenc®f small stepswhich are
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easierto grasp;and(c) it providesa controlledprocesslesignedo emphasizesome
terms(relevantones)andde-emphasizethers(hon-releantones).

In thefollowing, we discussheusageof userrelevancefeedbacko expandqueries
with thevectorspacemodel.

Query Expansionand Term Reweightingfor the Vector SpaceModel

The applicationof relevancefeedbak to the vector spacemodel considersthat the
term-weightvectorsof thedocumentsdenti ed asrelevantto a given queryhave sim-
ilarities amongthemseles,i.e., relevantdocumentsesembleeachother Further it is
assumedhat non-releyant documentdhave term-weightvectorswhich aredissimilar
from the onesfor the relevantdocuments The basicideais to reformulatethe query
suchthatit getscloserto theterm-weightvectorspaceof therelevantdocuments.

Let us de ne someadditionalterminology regardingthe processingof a given
gueryq asfollows:

D,: setof relevantdocumentsasidentied by the user amongthe retrieved docu-
ments;
D,: setof non-relevantdocumentamongtheretrieveddocumers;
C,: setof relevantdocumentamongall documerd in thecollection;
iD¢J;1Dnj; JCrj: numberof documentsn thesetsD,, D,,, andC,, respectiely;
, , .tuningconstants.

Considerrst theunrealisticsituation wherethecompletesetC, of relevantdocuments
to agivenqueryqis known in advance.Iln suchasituation,it canbedemongtatedthat
the bestqueryvectorfor distinguishingthe relevantdocumentgrom the non-releant
documentss given by the following equation:

1 d ! X d (2.4)
1Ci) gd2c, NG gdzc,

Qopt =

The problemwith this formulationis thatthe relevantdocumentsvhich composehe
setC, arenot known a priori. The naturalway to avoid this problemis to formulate
aninitial queryandto incrementallychangetheinitial queryvector Thisincremental
changes accomplishedy restrictingthe computatbn to the documentknownto be
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relevant (accordingto the userjudgemeni at that point. Therearethreeclassicand
similar waysto calculatethe modi ed queryQ ™ asfollows:

X X
Standard_Rocchio: Q™= Q%9+ d — d;;
iDiig o, | 1Dnig o,
X
ldeReqular : QM4 = Q99+ d; dj;
d; 2D, d;2p,
ldeDecHi : QmOd = Qorg + dj MaXnon relevant (dj)
dJ'ZDr

wheremaxnon relevant (dj) is areferenceo thehighestrankednon-relevart document.
Noticethatnow D, andD, standfor the setsof relevantandnon-relezart documents
(amongthe retrieved ones)accordingto the userjudgementyespectiely. In the orig-
inal formulations Rocchio[73] xed = landlde[44] xed = = = 1 The
expressios above are modernvariants. The currentunderstandings that the three
techniquegield similar results(in the past,Ide Dec-Hi was consideredslightly bet-
ter).

The Rocchioformulationis basicallya directadaptatiorof Equatian (2.4) where
the original query are added. The motivation is that the original query g may prac-
tically containimportantinformation. Usually, the information containedn relevant
documentds more important than the information provided by non-relezant docu-
ments[78]. This suggest makingthe constant smalkr thanthe constnat . An
alternatve approachsto set to 0 whichyieldsapositivefeedbaclstratey.

The main advantagef the above relevancefeedbacktechniquesare simplicity
andgoodresults. The simpiicity is dueto the factthatthe modi ed termweightsare
computedirectly from the setof retrieveddocumentsThe goodresultsareobsered
experimenally and are dueto the fact that the modi ed queryvectordoesre ect a
portion of theintendedquerysemantics.The main disadwantages thatno optimality
criterionis adopted.
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2.5.2 Information Extraction

While informationretrieval systemsancollectusefulmaterialsuchastexts from vast
elds of raw material,aninformationextractionsystenstartswith a collectionof such
texts, thentransformgheminto information thatis morereadilydigestecandanalyzed
(seeFigure 2.11). It isolatesrelevant text fragments,extracts relevant information
from the fragments,and then piecestogetherthe tamgetedinformationin a coherent
framewnork. For example,an article may discusschemicalgasestemperaturesand
materialspeci cations,but only one or two of theseitems may be of interestto the

humananalyst.Theaim of informationextractionresearh is to build systemghat nd
andlink relevant information while ignoring extraneousand irrelevant information.
Figure 2.12 shows the basiccomponent®f a typical information extractionsystem.
Most informatian extraction systens dependon off-line componerd to producethe
dataandrules. Two aspectof preprocessingire commonto most of information
extractionsystens:

Part-of-speechtagging programsto allow preliminary recognitionof phrasal
unitsin sentences,

Special-purposeulesto recognizehe semantiaclasse®f phrasalunits,includ-
ing compary namesplacespeoples namesandequipmennames.

Information extraction hasnumerouspotentialapplications. For example,infor-
mationavailablein unstructuredext canbe translatednto traditionaldatabasesser
canprobethroughstandardjueries.Supposeve wantto trackthe pro ts of Japarcar
manufcturersandcompareghemwith thoseof Europearcarmanuficturers Relevant
information includescompaly name,compary nationaliy, the factthatthe compary
is in the carindustry andthe amountthe andcurreng of its pro ts. An information
extractionsystemthattracksnews releasdn this area,updatinga databaseasthein-
formationbecomeswvailable,canhelp detecttrendsassoonaspublic announcements
are made. Otherinformation extraction systemamight processews events,includ-
ing meetingsof important people,formationof nev companiesandannouncements
of new products. Meanwhile,information retrieval systemscould bene t from the
extractedinformationto constructsensiive indicesmore closelylinked to the actual
meaningof a particulartext.
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Early information extractionsystemdevelopnentis exemgi ed by the following
systens:

Oneof the earliestinformation extraction systemswhich operatedon texts of
unrestrictedopics,wasimplementedby DeJond25, 26]. Usinganevswirenet-
work asits datasource DeJongs program calledFRUMP soughtto matcheach
new storywith arelevantscriptonthebasisof keywordsandconceptuasentence
analysis FRUMP wasa semanticallyorientedsystemhatuseddomainrspeci ¢
expectatios to instantiateaventdescriptios basedn scriptalknowledge.

An even earlierproject— before1970- for extractingusefulinformationfrom
text wasdirectedby Sagerof the Linguistic String Projectgroupat New York
University [75]. Sponsorediy the American Medical Association,this work
soughtto corvert patientdischage sumnariesto form suitablefor useasinput
to a traditional Conferenceon DataSystemd.anguagefCODASYL) database
managemergystem

In 1980,Silva etal. [88] extractedsatellite- ight informationfrom reportspro-
ducedby monitas aroundthe world, but the systemwas restrictedto single
sentenceandlackeda methodolgy for extractingcompletesventdescriptims.

Zarri[106] startedvorking oninformation extractionsystemsn theearly1980s.
The texts he useddescribedthe actvities of variousFrenchhistorical gures.
The systemsoughtto extractinformation on therelationshps andmeetingse-
tweenthesepeople.

In 1981, Cowie [22] developedan information extractionsystemthat extracted
canonicalstructuresrom eld-guide descriptims of plantsandanimals. The
systemusedsimple informationto populatea x ed-recordstructure.

In addition, the following early commercialinformation extractionsystens were
alsodeveloped.This signsviability of informationextractionsystems.

ATRANS was the earliestinformation extraction systemto be deployed as a
commercialproduct[59]. Thatwasdesignedo handlemonegy-transfertelexes
in internationalbanking. It usedsentencenalysistechniquessimilar to those
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in FRUMP describedabove and exploited the fact that the contentof money-
transfertelexes is highly predictable. ATRANS demonstratedhat relatively
simpe languageprocessingechniquesare adequatdor informationextraction
applicatiors narrav in scopeandutility.

JASPERIs aninformationextractionsystemthat extractsinformationfrom re-
portson corporateearnings[1], achiezing robust naturallanguageprocessing
capabilitesthroughtemplate-dwentechniquedor languageanalysisoperating
on small sentencdragments. JASPER developmentdependson a manualin-
spectionof the systemin action,alongwith ongoingsystemevaluatians using
representate testsets.

SCISORiIs a prototype incorporatinginformatian extractioninto an integrated
system[70] that usespartial analysisof the text to carry out its processing.A
Itering processselectsonly articleson corporatemeigersandacquisitons,ex-
tractinginformationontargetandsuita companiegnddollar-pershareamounts.
Theseatemsarestoredin aknowledgebasethathandlegjueries.

Recentlyin the eld of life scienceknowledgedescribedn literatureis actively
usedwith regardto protein-proteinnteractions However, in the caseof utilizing such
knowledge,the main problemsarethe following: (1) ndings describedn the form
of languagecan be understoodnly whenresearchersead eachpaperone by one;
(2) evenif ndings in a paperrelateto ndings in otherpaperstheir correlationcan
beidenti ed only by researchersho readthesepapers;(3) if the numberof related
ndings reacheghe tensof thousnds,the work of indentifying correlatve ndings
sprinkled in papersandorganizingthemasa knowledgesystembecomesnormous
Thereforejn orderto alleviatetheseproblemswe canreferto severalapproachethat
extractinformationon protein-proteinnteractionsrom biologicalliterature. For ex-
ample,the approachebasedon using(1) surfaceexpression®of the sentencesvithin
biologcal literature[9], (2) a full parser[85, 30, 105, and(3) template§42, 100].
However, in the surfaceexpressionapproachit is extremelydif cult to de ne man-
ually comprehense rules of extractinginformation on protein-progin interactions.
In the full parserapproachijt hasoftenbeenpointedout thatthe processingpeeds
slow andthattheresultshave ambiguit. In addition thetemplateapproactcansuffer
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from thesameproblemghatarisein thesurfaceexpressiorandfull parsemapproaches.
Therefore,t is necessaryo automaticalf acquirethe rulesof extractinginformation
on protein-progin interactionswithout de ning the rulesmanuallyandwithout using
afull parser Moreover, biological literaturecommonlycontains(1l) mary unknovn
words suchas compoundnamesaswell asoriginal propernounscoinedby the pa-
per's authors;(2) non-alphabeticatharactersuchas*®()”, “-” andsoon; and(3) a
varietyof verbalformssuchasindicative, passve, gerundve, andsoon. Furthermore,
Ding etal. [27] foundthatit is effective to analyzea sentencesa unit for extracting
informatian ontheinteractionsof two objects.On thebasisof thesepoints,in orderto
identify sentencedescribingnformation on protein-proteinnteractionswe proposed
an approachof automaticallyconstructingthe classi er by several machinelearning
approachesrainedby the featureghat expressthe characteristicef biological litera-
ture[94]. It is expectedhattheseresearchewould highly usefulto supportiologids'
research.
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An article

A breakthrough into Eastern Europe was achived by <ENTITY-1735-12>:=

McDonald's, the American fast food restaurant chain NAME: McDon.aId's

recently through an agreement with Hungary's most _'l\_légllz(_)NcALlTY' U.S. (COUNTRY)
successful agricultural company, Babolna, which is to - Lompany

provide most of the raw materials. Under the joint venture, <ENTITY-1735-13>:=

five McDonald's "eateries" are being opened in Budapest, NAME: Babolna

which, until now atleast, has been the culinary capital of NATIONALITY: Hungary (COUNTRY)

Eastern Europe.

TYPE: Company

Figure2.11.InformationExtractiontransformingatext's structures.

Filtering }

Part-of-speech
Tagglng

[
[
| ie”‘;‘::'; )
(paee ]
e |

Discourse
Reference
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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. Typicalinformationextractionsystemcomponents
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2.5.3 Information Filtering

Information ltering is a nameusedto describea variety of processesvolving the
delivery of information to peoplewho needit. In a ltering task,a userpro | e de-
scribingtheusers preferencess constructedSuchapro le is thencompareavith the
incoming documentsn anattempto determinghosewhichmightbeof interesto this
particularuser For instancethis approacttanbe usedto selecta news articleamong
thousand of articleswhich arebroadcaseachday Otherpotentialscenariogor the
applicationof Itering includethe selectionof preferral judicial decisionspr the se-
lection of articlesfrom daily newspapersetc. Information Itering hasthe following
characteristicer features:

An information Itering systemis aninformationsystemdesignedor unstruc-
turedor semistuctureddata. This contractswith atypical databasepplication
thatinvolvesvery structureddata,suchasemployeerecords. E-mail messages
areanexampleof semistructeeddatain thatthey have well-de ned headerelds
andunstructuredext body.

Information Itering systens deal primarily with textual information In fact,
unstructued datais often usedasa synorym for textual data. It is, however,
moregenerathanthat,shouldincludeothertypesof datasuchasimagesyoice,
andvideothatarepartof multimediainformationsystems.

Information Itering systemsnvolve large amountof datasuchasgigabytesof
text, or muchlargeramountsof othermedia.

Filtering applicatiors typically involve large amountof data,eitherbeingbroad-
castby remote sourcessuch as newswire services,or sentdirectly by other
sourcedike email.

Filteringis basedndescription®f individual or groupinformation preferences,
oftencalledpro les. Suchpro les typically representong-terminterests.

Filtering is oftenmeantto imply theremoval of datafrom anincoming stream,
ratherthan nding datain thatstream.n theformercasetheusersof thesystem
seewhatis left afterthedatais removed;in thelattercase they seethe datathat
is extracted.
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Authors of texts User or groups of users

l with periodoc or long-term
goals, tasks, etc.
Distribution of texts l
(E-mail, news article, etc.)

l @egular information interes@
Distribution ]
and representatio Representation

(Text surrogates ) — [ Comparison)

or Filtering
Retrieved texts

e Relevance feedback

Figure2.13. A generaimodelof information Itering.
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Basedonthegeneraimodelof information retrieval in Figure2.1,andthedescrip-
tion of information ltering featuresdescribedaborve, a modelof information Itering
thatappeardso describehe majorentitiesandprocessnvolvedis illustratedin Figure
2.13. In this model,information Itering begins with people(the uses of the lter -
ing systemwho have relatively stable,long-term,or periodicgoalsor desies(e.g.,
accomplishig a work task,or beingentertained) Groups,aswell asindividuals,can
be characterizetby suchgoals. Thesethenleadto regular informaion interests(e.qg.,
keepingup-to-dateon a topic) thatmay changeslowly over time asconditions goals,
andknowledgechange.Suchinformationinterestdeadthe peopleto engagen rela-
tively passve forms of informationseekingbehaior, suchashaving texts broughtto
their attention. This is accomplishedy representatiorof the informationinterestsas
pro lesor queriesthatcanbeputto the Itering system.Suchpro les have generally
beenconstructecasgoodspeci cationsof theinformation interests.

On the left side of Figure 2.13, the focusis on authors of texts who are often
institutions,suchasnewspapersaswell asindividuals. Theseinstitutions, or others,
suchas newsgroups undertale to distribute the texts asthey are generatedso they
canbe broughtto users attention To accomplishthis, the texts arerepresentedand
compaedto thepro les. Thecomparisomresultsin someof thetexts beingbroughtto
theusersattention(beingretrieved). Theseexts areused(or not) andareevaluatedn
termsof how well they respondo theinformatian interestsaandtheir motivating goals.
Theevaluationmayleadto modi cation of the pro les andinformationinterests.The
modi ed entitiesareusedin subsequerntomparisorprocess.

In comparinganddiscusang Figures2.1 and2.13,we notethat, at this ratherab-
stractlevel, theentitiesandprocessegelevantto information ltering arealmostiden-
tical to thosethatarerelevantto informationretrieval. Themajordifferencesppeato
be:

Whereinformationretrieval is typically concernedvith single usesof the sys-
tem, by a personwith a one-timegoalandone-timequery information Itering
is concernedavith repeatedisesof thesystempy a persornor personwith long-
termgoalsor interests.

Whereinformation retrieval recognizesnherentproblemsin the adequag of
gueriesas representationsf information needs,information Itering assumes
thatpro les canbecorrectspeci cationsof informationinterests.
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Whereinformationretrieval is concernedavith the collectionandorganizatiornof
texts, informatian Itering is concernedvith the distribution of texts to groups
or individuals.

Whereinformation retrieval is typically concernedwith the selectionof texts
from arelatively staticdatabasesnformation ltering is mainly concernedvith
selectionor eliminationof texts from a dynamc datastream.

Whereinformation retrieval is concernedwvith respondig to the users interac-
tion with texts within a singleinformationseekingepisode,jnformation Iter -
ing is concernedwith long-termchangesover a seriesof informationseeking
episodes.
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Chapter 3

RelatedWork

3.1 Related Work on Web Search Basedon its Hyper-
link Structures

Hyperlink structuresare one of the featuresof Web pages. Userscan navigate the
hugeWeb spaceeasilythroughthis hyperlink structurestherefore,mary researches
onWebinformationretrieval have beenfocusingonthe Web's hyperlink structuresin
this section,we review relatedwork of information retrieval systemausingthe Web's
hyperlink structuresespecialljthesystemdasedntheconcepof “optimal document
granularity”andthetwo mostpopularWeb pageweightingalgorithms HITS[50] and
PageRanK66].

3.1.1 Information Retrieval Systemsbasedon the Conceptof
“Optimal DocumentGranularity”

With respecto this researcharea,we referto the following works. Tajimaetal. [97]
presentectechniquenvhichuses‘cuts’ (resultsof Webstructureanalysis)sretrieval
units for the Weh Moreover, they extendedto rank searchresultsinvolved multi-
ple keywordsby (1) nding minimal subgraph®f links andWeb pagesincluding all
keywords;and(2) computng the scoreof eachsubgraphasedn locality of the key-
wordswithin it [96]. Following theseworks, Li et al. [55] introducedthe concept
of an“information unit,” which canbe regardedasa logical documentonsisitirg of
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multiple physical Web pagesasoneatomicretrieval unit, andproposeda novel frame-
work for documentetrieval by information units. However, theseapproachesequire
considerablerocessingime to analyzehyperlink structuresandto discover the se-
manticsof WebpagesIn addition,while thesesystemsan nd retrieval unitsexactly,

it oftenarisesthatthey nd retrieval unitsirrelevantto the userspeci ed queryterms.
As for theseworks, we do not believe that userscould understandhe searchresults
intuitively, becausdhesesystens returnthe searchresultswherethe multiple query
keywordsdispersan severalhyperlinked Webpages.

3.1.2 HITS Algorithm

Kleinbeg [50] originally developedthe HITS algorithmwhich wasappliedto theWeb
searchenginein the CLEVER project[43]. This algorithmdepend®n the queryand
considerghesetof pagesS thatpointto, or areredirectedo, pagesn theanswer\Web
pagesthat have mary links pointing to themin S are called authorities, while Web
pageghathave mary outgoirg links arecalledhubs Thatis to say betterauthorities
comefrom incoming edgedrom goodhubsandbetterhubscomefrom outgoingedges
to goodauthorities.LetH (p) andA(p) bethehubandauthorityscoreof pagep. These
scoresarede ned suchthatthefollowing equationsaresatis edfor all pages:
HE = A
uzap! u
A(p) = H(v);
v2Sjv! p
whereH (p) andA(p) arenormalizedfor all Web pages.Thesescorescanbe deter
minedthroughaniterative algorithm andthey convergeto the principaleigervectorof
thelink matrix of S.

Severalresearchexhave extendedheabove original HITS algorithm For instance,
the ARCalgorithmof Chakrabartet al. [16] enhancedhe HITS algorithmwith tex-
tual analysis. ARC compues a distance-2neighborhoodgraphand weightsedges.
Theweight of eachedgeis basedon the matchbetweerthe querytermsandthe text
surroundig the hyperlinkin the sourcedocument. In [7], Bharatet al. introduced
additional heuristicsto HITS algorithm by giving a documentan authorityweight of
1=k if thedocuments in a groupof k documentn a rst hostwhich link to a sin-
gle documenion a secondhost,anda hubweightof 1=l if therearel links from the
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documenbn a rst hostto a setof documentson a secondhost. However, the major
problemin this techniques thatthe Web pageghattheroot documenpointto getthe
largestauthoritiyscoredecaus¢hehubscoreof therootpagedominatesll theothers
whena Web pagehasfew in-links but a large numberof out-links mostof which are
not very relevantto the query In orderto solve this problem,Li etal. [54] proposed
a new weightedHITS-basedmethodthat assignsappropriateweightsto in-links of
root Web pagesand combinedcontentanalysiswith HITS-basedalgorithm. In addi-
tion, Chakrabartet al. [15, 18] consideredhot merelythe text of Web pagebut also
the DocumentObjectModel (DOM) within the HTML. This improveson intermedi-
atework in the CLEVER project[43] that broke hubsinto piecesat logical HTML
boundaries.

3.1.3 PageRankAlgorithm

PageRanK66] simulatesa usernavigating randomlyin the Webwho jumpsto a ran-
dom pagewith probability d, or follows a randomhyperlink with probability 1 d.
It is further assumedhatthis usernever returnsto a previoudy visited pagefollow-
ing an alreadytraversedhyperlink backwards. This processcan be modeledwith a
Markov chain,from which the staticnary probability of beingin eachWeb pagecan
becomputedThisvalueis thenusedasa partof therankingmechanisnemployed by
Google[11]. Let C(a) bethenumberof outgoing links from Web pagea andsuppose
thatWeb pages; to p, pointto theWebpagea. Then,the PageRankPR(a) of ais
de nedas:

X PR(p),
i=1 C(pl) ’

wherethevalueof d is empiricallysetto about0.15-0.2by the system.Theweightsof
otherWebpagesarenormalizedby thenumberof links in theWebpage.PageRankan
becomputedusinganiterative algorithm,andcorrespondso the principaleigervector
of the normalizedlink matrix of the Weh The major problemsof this algorithm are
that (1) the contentsof Web pagesare not analyzed so the “importance”of a given
Web pageis independenof the query; and (2) speci ¢ famousWeb sitestendto be
ranked morehighly. To yield moreaccuratesearchresults,Ra ei etal. [69] proposed
usingthe setof Web pagesthat containsometermsasa biassetfor in uencing the

PR(@)= d+ (1 d)
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PageRanlcomputatbn, with the goal of returningtermsfor which a given pagehasa

high reputation.FurthermoreHaveliwala[36] proposedomputinga setof PageRank
vectorsto capturemoreaccuratelfthenotionof importancewith respecto a particular
topic. In the next sectionwe describehis work in moredetail.

3.2 Related Work on Web Seaich Basedon User'sPref-
eren@®s

Thereare several typesof searchsystemghat provide userswith information more
relevantto their individual needs.For example,we review relatedwork of hyperlink-
basedpersonalizedVeb search personalizedVeb sites,recommendesystems and
personalizeanultimediasystems

3.2.1 Hyperlin k-BasedPersonalizedWeb Search

The eld of Webinformationretrieval focuseson hyperlink structureof the Web, for
examplewith WebsearchenginesuchasGooglée [11] andthe CLEVER project[43].
To addressseveral problemswith theseengines,.e., (1) the weight for a Web page
is merelyde ned, and(2) the relatiity of contentsamonghyperlinked Web pagess
not consideredwe proposedseveral approacheso re ning the TF-IDF schemefor
Web pagesusingtheir hyperlinked neighboringpages[92, 93, 95]. In personalized
Web searchesthe hyperlink structuresof the Web arealsobecomingimportant. The
useof personalizedPageRanko enablepersonalizedVebsearchesvas rst proposed
in [66], whereit wassuggeste@sa modi cation of the global PageRankalgorithm
which computesa universalnotion of importance.The computatiorof (personalized)
PageRankscoreswas not addressedbeyond the original algorithm. Haveliwala[36]
usedpersonalizedPageRanlscoredo enable€‘topic sensitve” Websearcheasbrie y
mentianedin the previoussection.Speci cally, precomputedhubvectorscorrespond-
ing to broadcateyoriesin ODP(OpenDirectoryProject) wereusedto biasimportance
scoreswherethe vectorsandweightswereselectedaccordingto the text query Ex-
perimentsin this work concludedthat the use of personalizedPageRankscorescan

Ihttp://www.google.om/
2http://dma.orgy/
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improve a Web search.However, experimentsvere conductedasedonly on context
associatedavith a queryitself, andno experimentsbasedon a users contet suchas
browsing patternspooknarks,andso on wereconducted.Thereforeijt is not clearif
userbasedoersonalizatiomusingthis approachs effective. In addition,the numberof
hubvectorsusedwaslimited to 16 dueto the computaibnal requirementsyhichwere
notaddressedh thatwork. In orderto addresshis problem Jehetal. [46] proposedn
approachthatcanscalewell with the large size of hubvectorsto realizepersonalized
Web searchesOn the otherhand,Changetal. [19] proposedalgorithmsfor creating
“personallycustomizedauthority documentsto corresponanorecloselyto theusers
internalmodelfollowing the corventionsof Kleinberg's HITS algorithm [50].

3.2.2 PersonalizedWeb Sites

Link topolagy andthe structureandcontentsof Web pagesare often usedin the con-
struction of personalized/Neb sites. In this section,we review the framavork of
thesesystemswith regardto “Link Personalization,“Content Personalizatioh,and
“Design-Oriented?ersonalizatioh.

(a) Link Personalization

Thisschemenvolvesselectinghelinks thataremorerelevantto theuserandchanging
theoriginal navigation spaceby reducingor improving therelationshipsbetweenVeb
pages.E-commerceapplicationsuselink personalizatiorito recommendtemsbased
on the buying history of clientsor somecateyorizationof clientsbasedon ratingsand
opinions. Userswho give similar ratingsto similar objectsarepresumedo have simi-
lar preferencessowhenauserseekgecommendationgbouta certainproduct thesite
suggestshoserecommendationthat are mostpopularfor his/herclassor thosethat
bestcorrelatewith the givenproductfor thatclass.At the E-commercesite for Ama-
zon.cond (the largestbookstoreon the Internet),link personalizations widely used
to link thehomepagevith recommendatiag) new releasesshoppinggroups.etc. that
arepersonalizedAt Amazon.comthisapproachasbeentakento anextremeby con-
structinga“New for you” homepageandpresentingt to eachuser with new products
thattheusermaybeinterestedn. Additionally, Amazon.conusesmplicit recommen-

Shttp://www.amazon.con/
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dationsvia purchasehistory and/orexplicit recommendatiasvia “rate it” featurego
generatgecommendatios of productsto purchaseln arecentstudy Tsandilasetal.
[102] proposed systenthatautomaticaly adaptdinks in thebrowsedpagedasen
their relevanceto theweightedtopicsspeci ed by slidersthatuserscanmanipubte.

(b) Content Personalization

In generalcontentpersonalizatioms donewhenpagegpresentifferentinformationto
differentusers.The differencebetweerthis andthelink personalizatiordescribedn
Section3.2.2(a)is subtlebecauseart of the contentg(i.e., the link anchors)resents
differentinformatian whenlinks are personalized However, contentpersonalization
is referral to whensubstantl informationin a Web pageis personalizedynlike link
anchors.For exampk, My Yahoo! [61] or My Netscape lters the information that
is relevantto the user shaving only sectionsanddetailsin which the usermaybein-
terested.The usermay explicitly indicatehis/herpreferencesor preferencesnay be
inferred(semi-)automattally from his/herpro le or from his/hernavigation actwity.
At thesesites,userschoosea setof “modules” from a large setincluding weathey
news, music and so on, and further personalizeéhesemodulesby choosinga set of
attributesof the moduk to be perceved. Some“automatic” customizatio may occur
if theusersnputtheir zip code,for instancewhenselectinga sporteventthey maybe
interestedn. The approacHollowedin theseapplicatiors is thatthe usersshouldbe
ableto “construct”their own pagesandeventhelayoutmaybe customzed. However,
userpreferenes or demographidnformation are acquiredbasedon the prior ques-
tionnare. Therefore thesesiteshave two problems (1) the users'loadsbecomehigh
becaus¢hesesystens heaily rely ontheusers'inputs;(2) thesesitescannotadaptto
the changesn users'preferencesinlessthe userschangetheir previously registered
preferenceby themseles

(c) Design-OrientedPersonalization

Although designissueswith regardto personalizatiomrejust now beingintroducedo
the Web community, we canreferto thefollowing approaches this context of Web
site personalization.

http://www.my.yahoo.can/
Shttp://mynetscape.ao/
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TheWebSiteDesignMethod(WSDM) [101]focusesontheconstructiorof “Audience-

driven” Web applicatiors. Requirement$or eachpotentialuserpro le aresystemati-
cally gatheredanda classdiagramof userpro les is constructedDifferentnavigation
tracksarespeci ed for eachaudiencehoughthereis no notationfor expressingndi-
vidualdifferencesWebModelingLanguagéWebML) [14] is anotationfor specifying
complex Web sitesatthe conceptualevel. Usingthis WebML modelinglanguageand
its supportimg software,it is possibé to specifythe structureof theapplications infor-
mationbase(structuralmodel),the structureof nodes(composiion model),thetopol-
ogy of links betweenpages(navigation model), the layout and graphicrequirements
for pagerenderingpresentatiomodel),andthe customkationfeaturedor one-to-one
contentdelivery (personalizatiormodel). WebML allows well-known Web patterns
and supportsdataderivation and usermodelirg. Personalizationn WebML is ex-
pressedisingeventcondition-actiorrules.While WebML is adata-oriente@pproach,
Rossietal. [74] developedanobject-orientednethodfor personalizatiothasednthe
ideathat Web applicationsare hypernediaapplicatiors becausaisersnavigate a hy-
permedianformation spacecomposedf Web pagesconnectedy hyperlinks They
presente®bject-OrientedHypermediaDesignMethod(OOHDM) approacheto con-
structingpersonalizedVeb applicationsfocusingon a design-orientedliscussbn of
personalization In their approach different Web applicatiors for different pro les
canbe constructedy simply reusinga conceptuaschema.n addition,they shaved
that their notation andthe underlyingdesignframework bring concisespeci cations
by reusingexisting ones. However, thesemethodsalsodo not considerthe dynamic
changesn users'preferences.

3.2.3 RecommenderSystems

It hasbecomeincreasinglydif cult to searchfor usefulinformationon the Web be-
causethe amountof information on the Web continuesto grow. Therefore,we get
the feeling of being overwhelned by the numberof choices. This situationis of-
tenreferral to as“information overload. As oneof the mostpromishng approaches
to alleviate this overload,recommendesystemshave emeged in domainssuchas
E-commercedigital libraries, and knowledgemanagement.Thesesystemsprovide
personalizedsuggestiondasedon userpreferences.Recommendesystens collect
userfeedbackin the form of ratingsfor itemsin a givendomainandexploit similari-
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tiesanddifferencesamongpro les of severalusersin determinirg how to recommend
anitem. Therearetwo prevalentapproacheto constructingecommendesystems-
collaboratve Itering-basedandcontent-basedecommendation.

(a) Collaborative Filtering-Based Recommendition

Collaboratve ltering-basedrecommendatiors the mostsuccessfutecommendation
techniqueo date.Thetermcollaboratve Itering wascoinedby Goldbeg etal. [34].
Collaboratve Itering meangshatpeoplecollaborateto help oneanothemerform I-
tering by recordingtheir reactionsto documentghey read. Basedon this concept,
Goldbeg et al. developed a systemcalled Tapestrythatis one of the earliestimple-
mentatiams of collaboratve Itering-basedrecommendatio. This systemis usedto
Iter emailandit allows usersto annotatanessagesAnnotationsbecameaccessible
asvirtual elds of the messagesanduserscanformulate Itering querieswhich ac-
cessthese elds. Usersthencreatequeriessuchas“showv me all of ce memosthat
Bill thoughtwereimportant. Thecollaboratve Itering providedby Tapestrywasnot
automatedanduserswererequiredto formulatecomplex queriesin a specialquery
languageadesignedor thetask. In addition, this systemrelied on explicit opinionsof
peoplefrom a close-knitcommuniy, suchasagroupof of ce workers.However, rec-
ommener systens for largecommunitesgenerallycannotdependn everyoneknow-
ing eachother Thereforetheframevork in Tapestryis not appropriateo systemgor
large communties.

Rating-basedutomatedtollaboratve Itering is quickly becominga popularap-
proachto reducinginformationoverload by providing personalizedecommendatios
for information, productsor services. For exampk, the k-nearestneighborcollab-
orative ltering-based systemsare achieving widespreadsucceson the Weh The
GroupLengesearctsysten{71, 51], which Iters Usenenews, rst introducedanau-
tomatedcollaboratve ltering systemusingthe k-nearesneighborbasedalgorithm
In this algorithm a subsebf appropriatek userss choserbasedn their similarity to
theactive user anda weightedaggreateof their ratingis usedto generatgredictions
for the active user GroupLenghenrecommend&)Jsenetnews articlesto theseactive
users.

While the Tapestryand GroupLengely on explicit ratings,somesystemsely on
implicit ratings. For example,Morita et al. [65] exploit “time-spent-reading’as a
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measureof implicit ratings. They obsered strongpositive correlationsbetweenthe
time usersspentreadingmessageandthe personalnterestratingsof thosemessages.
Theirwork suggestshatit might be possiblefor time-spent-readingieasure$o stand
in for ratings, further reducingusertasks. PHOAKS (PeopleHelping One Another
Know Stuff) [98] also usesimplicit ratingsto constructa recommendesystemby
examining Usenetnews postngsto nd “endorsementsdf Web sites. It thencre-
atesa listing of the top Web sitesendorsedn eachnewsgroup. Somerecommender
systens alsoexplore userpreference transparentlyvithout ary extra effort from the
userslike the recommendesystemgelying on implicit ratingsdescribedabove. For
example,Letizia [56, 57] and WebWatcher[47] infer userpreferencedy observing
userbrowsing behaior. However, the mainshortcoming in LetiziaandWebWatcher
arethat they maintainpersistentand slowly-changingusermodelsand overlook the
fact that differentbrowsing sessionsy the sameuseror even a single sessionrmay
involve differentuserinterestsandgoals.Moreover, Kelly etal. [49] have publisheda
nice sumnmnary with regardto the systemausingimplicit measures.

Furthermore,at the E-commercesites such as Amazon.com,CDnaov.com (the
largestCD storeon the Web) and MovieFindercom (one of the mostvisited movie
sites),automatedollaboratve Itering systemsave beenusedwith considerablsuc-
cess.Theirwidespreadise however, hasexposedsomeof their limitationssuchas(1)
sparsityof theuseritem ratingmatrix, (2) scalabiliyy with the growth of the numberof
usersandthenumberof item, and(3) cold-startproblemswvhererecommendationare
requiredfor itemsthatno onehasyetrated.The problemsof sparsityareaddresseth
[81, 35] by incorporatingsemi-inteligent Itering agentsinto the system.The prob-
lems of scalability and high dimensonality in recommendesystens are discussed
in [8, 41]. Both sparsityandscalabiliyy issuesare addressedimutaneouslyin [79].
Moreover, the cold-startproblemis dealtwith in a probabiligic modelthatcombines
contentand collaboratve informationby usingexpectationmaximization learningin
[84].

(b) Content-BasedRecommendation

A content-basedpproactprovidesrecommendationsy comparingepresentationsf
contentcontainedn anitem with representationsf contentthatthe useris interested
in. In this approacha modelof userratingsis rst developed. Algorithmsin this cat-
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egory useprobabilties andervision the collaboratve Itering processhy computng
the expectedvalue of a userpredictiongiven the users ratingson otheritems The
modelbuilding processs performedby threedifferentmachinelearningalgorithns:
(1) Bayesiannetwork, (2) clustering,and(3) rule-basednodels. The Bayesiannet-
work model[10] constructsa probabiligic modelfor acollaboratve Itering problem.
Clusteringmodeladdressesollaboratve Itering asaclassi cationproblem[6, 10]. It
works by clusteringsimilar usersin the sameclassandestimatirg the probability that
aparticularuseris in a particularclass;from thereit computeghe conditionalproba-
bility of ratings.Therule-basednodelappliesassociatiomule discovery algorithmsto
nd associationbetweerco-purchasedems.It thengenerategemrecommendatias
basedn the strengthof the associatiorbetweeritems[80].

The systemsdescribedn Section3.2.3(a)only provide recommendatios based
on collaboratve ltering. However, somesystemsprovide betterrecommendatias
by combiningcollaboratve Itering with contentinformation. Fab[5] usesrelevance
feedbacko simultaneouslyconstructa personallter alongwith acommunal‘topic”
Iter . Webpagesareinitially rankedby thetopic Iter andthensentto users personal
Iters. Theuserthenprovidesrelevancefeedbackor thatWebpage andthisfeedback
is usedto modify boththepersonallter andtheoriginating topic Iter . Basuetal. [6]
integrate contentandcollaborationin a framevork wherethey treatrecommendation
as a classi cation task. Melville et al. [63] overcome dravbacksof collaboratve
Itering systemsin their recommendesystemby exploiting contentinformation of
items alreadyrated. In recentstudy on recommendesystems,Schaferet al. [83]
introducea new classof recommendesystemthat provides userswith personalized
controloverthegeneratiorof asingle recommendatiohst formedfrom acombinaton
of rich datausingmultiple informationresourcesndrecommendatiotechniques.

3.2.4 PersonalizedMultimedia Systems

Systemgrelatedto personalizatioron the Web seemdo be mainly basedon text re-
trieval. However, personalizedystemsn the eld of multimediaarealsobeingde-
veloped.In music,Ringo[87] usescollaboratve Itering techniqueso provide users
with recommendatias for musicalbumsandartists. In addition, Ringo hassupport
for messagdoards(independenof the recommendesystem),whereuserscandis-
cusstheir music preferencesCutomied InternetRadio (CIR) [53] is an application
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thatschedulegontentretrieval from multiple Web radio stationsbasedon a schedule
that a usercon gures. Field et al. [28] developeda systemfor personalizedaudio
called Personal DJ. Bellcore Video recommendesystens [39] are email and Web-
basedandthey generateecommendationsn movies. Merialdoetal. [64] constructed
a systemthatpersonalize§'V news programto optimizethe contentvaluefor a spe-
ci ¢ userbasedn manualateyorizationandautomatickeyword extraction. PTV [90]
is a contentpersonalizatiorsystemthat providespersonalized'V listingsto users.In
[40], anapplicationfor providing andmanagingpersonalizedinteractve videoonthe
WebusingSynchronizedMultimedialntegration LanguaggSMIL) [99] is described.
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Chapter 4

Web Search Basedon its Hyperlink
Structures

In informationretrieval systemsasedon the vectorspacemodel,the TF-IDF scheme
is widely usedto characterizelocuments.However, in the caseof documentswith
hyperlink structuressuchasWebpagesit is necessaryo develop a techniquéor rep-
resentinghecontentof Webpagesnoreaccuratelyby exploiting the contentsof their
hyperlinked neighborhg pages.n this chapterwe rst proposeseveralapproacheso
re ning the TF-IDF schemdor atarget Web pageby usingthe contentsof its hyper
linked neighboringpages,and then comparethe retrieval accurag of our proposed
approachesExperimentaresultsshav that, generally moreaccuratdeaturevectors
of atamget Web pagecanbe generatedn the caseof utilizing the contentsof its hy-
perlinkedneighborng pagesat levels up to secondn the backwarddirectionfrom the
targetpage.

4.1 Intr oduction

TheWorld Wide Web (WWW) is ausefulresourcdor usergo obtainagreatvariety of
informatian. Threebillion Web pagesarethe lower boundthatcomesfrom the cover-
ageof searctengined4], andit is obviousthatthe numberof Web pagescontiniesto
grow. Thereforeijt is gettingmoreandmoredif cult for userg¢o nd relevantinforma-
tion onthe WWW. Underthesecircumstances/Vebsearchenginesareoneof themost
popularmethodsfor nding valuableinformation effectively, andthey areclassi ed
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into two generation$asedon their indexing techniqueg12]. In the rst-generation
searchenginesdevelopedin the early stagesof the Web, only termsincludedin Web
pageswvereutilizedasindices.Thereforethetraditionaldocumentetrieval technique
wasmerelyappliedto WebpagesearchesHowever, Web pagesave peculiarfeatures
suchashyperlink structuresor arein numbergoo large to searcheffectively. Conse-
guently usersarenot satis edwith the easeof useandretrieval accurag of thesearch
enginesbecauseuchfeaturesof Web pagesare not exploited in the rst-generation
searchengines.

To dealwith theseproblems,in the second-generatiosearchenginesthe hyper
link structure®f Webpagesaretakeninto account.For example theapproachesalled
HITS (Hypertext InducedTopic Seart) [50] (seeSection3.1.2)and PageRanK66]
(seeSection3.1.3)areappliedto the searchengineof the CLEVER project[43] and
Googlé [11], respectiely. In thesealgorithms weightingWeb pagesasedn hyper
link structuresachieveshigherretrieval accurag comparedwith the rst-generation
searchengines.However, thesealgorithmshave shortcomingsn that (1) the impor-
tancefor a Web pageis merelyde ned; and(2) therelatvity of contentsamonghy-
perlinkedWebpagesds notconsideredTakingthesepointsinto accountDavison[24]
concentratean textual contentand shoved that Web pagesare sigini cantly more
likely to be relatedtopically to pagego which they arelinked. Basedon this nding,
hisresearchyrouphasreleasedhesearctenging'Teom&” thatdoescontext-sensiive
HITS on the lines of the CLEVER project. This searchengineusesthe conceptof
“Subject-Speci cPopularity[2],” which ranksa site basedon the numberof same-
subjectpageghatreferencet, notjustgenerapopulari, to determineasite's level of
authority However, the problemof Web pagesrrelevantto a users queryoftenbeing
ranked highly still remains.Hence,in orderto provide userswith relevantWeb pages,
it is necessaryo developatechniqudor representinghe contentsof Webpagesnore
accurately In orderto achieve this purposewe have proposedsomemethodsor im-
proving a featurevectorfor atagetWeb page[93]. Our proposednethodshowever,
alsohave aproblemin thatonly Web pagesut-linkedfrom atargetWebpageareused
in orderto generatéhefeaturevectorof thetagetWebpage.SinceWebpagesusually
havein- andout- linkedpagesin the caseof generatinga moreaccuratdeaturevector

Ihttp://www.google.om/
2http://www.teana.cont
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of a Web page,it is necessaryo useboth its in- and out- linked pages. Therefore,
in this chapterwe rst proposethreeapproacheso re ning the TF-IDF schemd78]
for atargetWeb pageusingbothits in- andout-linked pagesn orderto representhe
contentof thetargetWeb pagemoreaccurately Then,we compareetrieval accurag
of our proposedapproachessingthere ned featurevector Our approachis novel in
re ning TF-IDF basedfeaturevectorsof tamget Web pagesby re ecting the contents
of their hyperlinkedneighboringWeb pages.

4.2 ProposdMethods

As we describedn Section3.1.1,theinformation retrieval systemsasedon the con-
ceptof “optimal documenigranularity” have a problem,in thatthe searchresultsare
incomprehensile for users.Moreover, HITS [50] andPageRanK11] alsohave prob-
lems: (1) theweightfor aWebpageis merelyde ned; and(2) therelatity of contents
amonghyperlirked Web pagess not considered.

Onthe basisof theseproblemsthe featurevectorof a Web pageshoutl be gener
atedby usingthe contentsof its hyperlinked neighborng pagesn orderto represent
the contentsof Web pagesmore accurately We, therefore proposere ning the TF-
IDF schemdor atagetWebpageby usingthe contentf its hyperlirkedneighboring
pagesUnlikeresearchedescribedn Section3.1,ourapproachs nove in re ning the
TF-IDF basedeaturevectorof a target Web pageby re ecting the contentsof its hy-
perlinkedneighborng Webpages Ourapproachs query-independenandlink-based
computatbnsareperformedof ine like PageRankalgorithm. At querytime, we only
computethe similarity betweerthere ned featurevectorandqueryvectorformulated
by userspeci ed query Therefore the query-timecostsarenot muchgreaterthanthe
HITS algorithm whosequery-timecostsdepend®nthequery

In the following discussion let a target pagebe py:. Then,we de ne i asthe
lengthof the shortestirectedpathfrom py; to its hyperlinked neighborig pagesLet
us assumethat thereare N; Web pages(pi,; pi,; ;P ) in the i level from pyg:.
Moreover, we denotethe featurevectorw Pet of pyg; asfollows:

wPet = (Wl Wi we); (4.1)

wherem is the numberof distinct termsin the Web pagecollection,andty (k =
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1,2; ;m) denotesachterm. Usingthe TF-IDF schemewe alsode ne eachele-

mentw;* of wPst asfollows:

tf (tk; pt t) I\Iweb
Pot = p - lo ; 4.2
WS P T (g 0 (4) (42)

wheretf (ty; pygt) is the frequeng of termty in the target pagepy:, Nwep is the total
numberof Webpagesn thecollection,andd (ty) isthenumberof Webpagesn which
termt, appearsBelow, we referto wPet asthe*initial featule vector” Subsequently
we denotethere ned featurevectorw ®st asfollows:

WQtht — (W?ltht;Wth)tgt; ;W?:ntgt);

andreferto thisw ®st asthe“re nedfeatule vector” In this chapterwe proposehree
approacheto re ning the“initial featurevector’basednthe TF-IDF schemele ned
by Equation(4.2) asfollows:

Method |
theapproactrelieson the contentsof all Webpagesatlevelsupto L g, )th in the back-
ward directionandlevelsup to L (Out)th in the forward directionfrom the target page

ptgtu

Method Il

theapproachreliesonthecentroidvectorsof clusterggeneratedrom Webpagegroups
createcateachleveluptolL )”‘ in thebackwarddirectionandeachlevelupto L (out)th
in theforwarddirectionfrom thetargetpagepg:,

Method I

theapproachreliesonthecentroidvectorsof clusterggeneratedrom Webpagegroups
createdhtlevelsupto L(in)th in thebackwarddirectionandlevelsup to L(Out)th in the
forwarddirectionfrom thetargetpagepg: .
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4.2.1 Method I

In this approachyve re ect the contentsof all Webpagesatlevelsupto L (in)th in the
backward directionandlevelsup to L (out)th in the forward directionfrom the target
pagepy:. Basedon theideasthat (1) thereareWeb pagessimilar to the contentsof
Prgt IN theneighborhod Web pagesf py,; and(2) sinceon onehandsuchWebpages
exist right nearpy:, on the otherhandthey might exist far removed from py; in the
vectorspacewere ect thefollowing two factorson eachelemenbf theinitial feature
vectorwPut;

Method I-i
thelengthof the shortesdirectedpathin the backward or forward directionfrom pg:
to its hyperlinked neighborng pagesn the Web space,

Method I-ii
thedistancebetweerw P9t andfeaturevectorof in- andout-linked pagesof pyg: in the
vectorspace.

For example,Figure4.1(a)shavs thatw ®st is generatedy re ecting the contentsof
all Web pagesatlevelsup to secondn the backward andforward directionsfrom pyg:
onwPst. In Figure4.1(a)p; ,,, andp; ., correspondo thej h pagein thei'" levelin
thebackwardandforwarddirectionsfrom py., respectrely. In addition,Figure4.1(b)
shaws thatre ned featurevectorw ®¢ is generatedy re ecting eachfeaturevector
of in- andout-linked pagesf py;; ontheinitial featurevectorw Pet.

In Method|i, eachelementv™' of w®st is de ned asfollows:
Mgt _ Ptg t
M T g 1
%L)(in) N)i@n) thii (in)
+ —k
i=1 j=1 Ni(in) I
1
LX)ut ) Ns(out ) Wpij (out)
+ e (4.3)
i=1 j=1 Ni(out) I

Equation(4.3) shavs thatthe productof thk” ™) (weightof termt in Webpagep; ,, )
andthereciprocabfi (thelengthof theshortestlirectedpathin thebackwarddirection
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from py: to its hyperlirked neighboringpages) andsimilarly, the productof thkij (out )

(weightof termty in Webpagep; ,.,) andthereciprocabof i (thelengthof theshortest
directedpathin the forward directionfrom py, to its hyperlinked neighborig pages)
isaddedo wtpktgt (weightof termt, in pg:, cOmputeddy Equation(4.2))with respecto
all Webpagesatlevelsupto L(in)th in thebackwarddirectionandlevelsupto L(out)th
in theforwarddirectionfrom pyg; .

In Methodl-ii, eachelement™** of w®s is de ned asfollows:

Wfptgt = thtgt
k K
1
N 1 E@'—Xin) N%in) WtFLij (in)
- : i R
Dim i=1 j=1 N'(in) d|S(Wtht'W (|n))
0 N b 1
L i i
1 Jeut)  Kout ) Wi (out)
+ — d tk R (out) g: (44)
Dim =1 j=1 Ni(out) IS(W gt: W )

Equation(4.4) shavs thatthe productof thk” ™) (weightof termt, in Webpagep; ,, )

andthe reciprocalof dis(wPst; w® ) (the distancebetweenwPst andw™ @) in

the vector space),and similarly, the productof wtpk” @ (weight of termt, in Web
pagep; ., ,) andthereciprocalof dis(wPs; wPi @) (thedistancebetweenw Pst and
wP @) in the vectorspace)s addedto thk‘g‘ (weightof termt, in pyg:, computedoy

Equation(4.2)) with respecto all Web pagesat levels up to L(in)th in the backward
directionandlevels up to L(out)th in the forward directionfrom p,. If the distance
betweenvPst andw® () ;wP @) in thevectorspaces very close the valuesof the
secondandthird termsof Equation(4.4) canbedomirantcomparedvith the rst term
thk‘g‘. Therefore,in orderto preventthis phenomenonye alsode ne Dim, which

denoteghe numberof distincttermsin the Web pagecollection. dis(wPset; wPi @))

anddis(wPst; wP «u)) arede ned by thefollowing equationsrespectidy:

\
u

X ..
dis(wPo; WP i) = T WPet w2,
k=1

¥ xn .
dis(wPet; wPieu)) = t (Wi thk'J (ou))2.
k=1

60



NN
n) oM
LIRS

wha (Initial feature vector of target page Ry)

w' R (Refined feature vector of target page Qgt)

Feature vectors of
neighboring Web pages
hyperlinked by target page Ry

(b)

Figure4.1. There nementof afeaturevectorasperformedby Methodl [(a) in the
Webspace(b) in the vectorspace].
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4.2.2 Method II

In thisapproachwe rst construcWebpagegroupsG; , , ateachlevel upto L(in)th in
thebackwarddirection,andG; , , ateachlevel upto L (ouy™ in theforward direction
from the target pagepy:. Then,we generatew P9t by re ecting centroidvectorsof
clustersgeneratedrom G; , , andG; ,,, ontheinitial featurevectorwPst. This ap-
proachis basedntheideathatWeb pagesat eachlevel in the backward andforward
directionsfrom pyy; areclassi edinto sometopicsin eachlevel. In addition,were ect
thefollowing two factorson eachelementof theinitial featurevectorwPut:

Method II-i
thelengthof the shortesdirectedpathin the backward or forward directionfrom pg:
to its hyperlinked neighborng pagesn the Web space,

Method Il—ii
thedistancebetweenw Pt andthe centroidvectorsof the clustersin thevectorspace.

In otherwords,we rst createWebpagegroupsG;,,, andG; ,, whicharede ned by
Equation(4.5)and(4.6) asfollows:

Gi(in) = fpil(in); Pi2giny s ; piNi(in)g; (4.5)
Gi(out) = f pil(out); piz(out); ' piNi(out)g; (46)
(i=12 ;L)

andthenproduceK clustersn eachWebpagegroupG; , , andG; ., by meanof the
K -meansalgorithm[60]. The centroidvectorsw ) andw® e (c= 1;2; ;K)

are producedin G;,, andG;,,, respectiely. We generatea re ned featurevec-
tor w®st by re ecting the two factorsdescribedabore on eachelementof the initial

featurevectorwPet, For instance Figure 4.2(a)shaws that we constructWeb page
groupsGy,, ,; G2,y » G1pu» @NAGy,,,, ateachlevel upto thesecondn thebackward
andforwarddirectionsfrom py, andgeneratere ned featurevectorw ®st by re ect-

ing thecentroidvectorsof eachclusterproducedn eachWebpagegroupGy,, ,; Gz, »

Giiouy» @A Gy, ,, ON WP, Moreover, Figure4.2(b) shaws thatthe re ned feature
vectorw Put is generatedby re ecting the centroidvectorsof eachclusteronw Pst.
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In Methodll-i, we de ne eachelementw®¢! of w®st asfollows:

tk

WtQthgt - thktgt .
Lyin ) 9ic (in
+ @ Wo A
0 i=1 c=1 ! 1
LXJut) X ngc(out)
+ @ —t__A; (4.7)
i=1 c=1 '

Equation(4.7) shavs that the productof W?kic“”) (weightof termt, in centroidvector
w9 @) of clusterc constructedrom Gi,,,) andthereciprocalof i (thelengthof the
shortesdirectedpathin the backward directionfrom py; to its hyperlinked neighbor
ing pages) andsimilarly, the productof w?kic“’“” (weightof termt, in centroidvector
w @) of clusterc constructedrom Gi .. ,) @ndthereciprocalof i (thelengthof the
shortestirectedpathin theforwarddirectionfrom py; to its hyperlinked neighboring
pageshreaddecdto wtpk‘gt (weightof termty in py:, computedoy Equation(4.2)) with

respecto all centroidvectorsconstructedat eachlevel upto L )™ in the backvard
directionandeachlevel upto L(out)th in theforwarddirectionfrom pyg; .

In MethodlI—ii, we de ne eachelement>' of w®st asfollows

Pgt  _

Ptg t

W, = W,
* ) OL>( )(< gic( ) 1
in ) in
+ —1 @ W A
Dim . o, dis(wPst;wamn))
1 OLXJuI)X( ngc(out)
+ . A (4.8)
Dim 1 dis(wPwt; w=u))

i=1 c=

Equation(4.8) shavs thatthe productof W?kic“”) (weightof termt, in centroidvector
w% ) of clusterc constructedrom Gi,,,) andthereciprocalof dis(w™s'; w9 in))
(the distancebetweenwPst andw % @) in the vectorspace)andsimilarly, the prod-
uct of w?f“’“” (weightof termt in centroidvectorw % «u) of clusterc constructed
from G; ,,,) andthereciprocalof dis(wPst; w %)) (thedistancebetweenwvPst and
w% @) in the vectorspace)are addedto W{“’ktgt (weightof termty in pyg:, computed
by Equation(4.2)) with respecto all centroidvectorsconstructedat eachlevel up to
L(in)th in the backwarddirectionandeachlevel up to L(Out)th in theforwarddirection
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from py:. In addition we introduwce Dim for the purposeof preventing the valuesof
the secondandthird termsfrom dominathg comparedwith the rst termin Equation
(4.8).dis(wPet; w% ) ) anddis(wPset; w9 ©u)) arede ned asfollows:

\
u

. xXn
diS(Wptgt;Wg'C(in)) — P (thktgt
k=1

Oic (;
(in)y\2.
Wtk ) ’

Vv

u
xn o

EF e w0y
k=1

dis(Wptgt : ngc(out)) =
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whet (Feature vector of target page p )

gt
W' " (Refined feature vector of target page Ryt)
Clusters generated

from groups of Web pages
in each level from target page

of the clusters

(b)

Figure4.2. There nementof afeaturevectorasperformedby Methodll [(a) in the
Webspace(b) in thevectorspace].
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4.2.3 Method Il

This approachs basedon the ideathat Web pagesat levels up to L(in)th in the back-
warddirectionandlevelsupto L(out)th in theforwarddirectionfrom targetpagepy: is

composedf sometopics. Accordingto this idea,we clusterthe setof all Web pages
atlevelsupto L )th in thebackwarddirectionandlevels upto L(out)‘h in theforward

directionfrom py:, andgeneratev st by re ecting centroidvectorsof theclusterson

theinitial featurevectorwPst, Furthermorewe re ect the following two factorson

eachelemenbf theinitial featurevectorwPut:

Method IlI-i
thelengthof the shortesdirectedpathin the backward or forward directionfrom pg:
to its hyperlinked neighborng pagesn the Web space,

Method i i
thedistancebetweenw P9t andthe centroidvectorof the clusterin the vectorspace.

In otherwords, we createWeb pagegroupsG; ,,, andG; ,, asde ned by Equation
(4.9)and(4.10),respectiely,

Gijny = TPty P12y PNy, 5

P21 )3 P22gny s 1PN,

Pty Pizgys 1PNy, O (4.9)
Gitouy = P11 0wy P20y PNy
P21ouy 1 P22iouyr 1PNz,

Pt Pizoys 1 PNG o, O (4.10)
(i=212 ;L)

andproduceK clustersn G; ., andG; ,,, by meanf the K -meansalgorithm[60].
The centroidvectorsw %) andw %) (c = 1;2;  K) areproducedn G, and
Gi o) respectiely. Then,we generatehe re ned featurevectorw ®qt py re ecting
thetwo factorsdescribedabove on eachelemenbf theinitial featurevectorw Pt For
instance,Figure 4.3(a) shavs that we constructWeb pagegroupsG,,,,, andG,,,,
atlevels up to secondn the backward andforward directionsfrom py:, andgenerate
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re ned featurevectorw ®st by re ecting the centroidvectorsof clustersproduced
in WebpagegroupG,,,,, andG,,, ontheinitial featurevectorwPs:. Furthermore,
Figure4.3(b)shavsthatre ned featurevectorw ®st is generatedby re ecting centroid
vectorsof eachclusterontheinitial featurevectorw Pot.

In Methodllli, eachelementv™** of w®st is de ned asfollows:
Wt(ftgt - W{Jktgt
0 & v % 1
+ @ Yu A
c=1 |
0 N 9 (out ) 1
W out
+ @ A (4.11)
c=1 I

Equation(4.11) shaws that the productof W?kc“”) (weight of termt, in centroidvec-
tor w %) of clusterc generatedrom Gi,,,) andthereciprocalof i (thelengthof the
shortestirectedpathin the backwarddirectionfrom py; to its hyperlinked neighbor
ing pages) andsimilarly the productof element/v?:“’“” (weightof termt, in centroid
vectorw *wu) of clusterc generatedrom G; ) @ndthereciprocalof i (thelengthof
theshortestirectedpathin theforwarddirectionfrom py; to its hyperlinkedneighbor
ing pages)areaddedto thk‘g‘ (weightof termty in pg: computedby Equation(4.2)),
with respecto the numberof clustersK .

In Methodlll—ii, eachelementw™* of w®s' is de ned asfollows:
WtQthgt - thktgt

0 % e(in ) 1

+ —1 @ W A
Dim St dis(wPot; w %))
Jc
1 X( W (out )

+ @ t A (4.12)

— . —
Dim __, dis(wPaet;w > )

Equation(4.12)shaws thatthe productof w?:“”) (weightof termt, in centroidvector
w %) of clusterc generatedrom Gi,,,,) andthereciprocalof dis(w Pgt: %)) (the
distancebetweerwPst andw %) in the vectorspace)andsimilarly the productof
elementwfkc“’“” (weight of termt, in centroidvectorw %) of clusterc generated
from G; ) andthereciprocalof dis(wPut; w %)) (thedistancebetweenwPst and

i(out)
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w @) in the vectorspace)readdedio thk‘g‘ (weightof termty in pg: computedoy
Equation(4.2)), with respecto the numberof clustersK . As mentimedin Methodl
andll, in orderto preventthe value of the secondandthird termsof equation(4.12)
from becomingdominantcomparedvith the original termweightwtpktgt , we introdwuce
Dim, which denoteghe numberof distincttermsin the Web pagecollection. We also
de ne dis(wPst; w%am) ) anddis(wPet; w*eu)) asfollows:

Vv
u

xn
dis(wPat;wem) = £ Per wimye,
k=1

i X0
dis(wPst; w %)) = t (wpe! thkc(out))z:
k=1
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wPtat (Initial feature vector of target page Qgt)

w' Ptot (Refined feature vector of target page [:t»gt)

Clusters generated from groups of
Web pages in the backward and
forward direction from Ry

Centroid vectors
of the clusters

(b)

Figure4.3. There nementof afeaturevectorasperformedoy Methodlll [(a) in the
Webspace(b) in thevectorspace].
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4.3 Experiments

4.3.1 Experimental Setup

We conductedexperimentsin orderto verify the retrieval accurag of our threeap-
proacheglescribedn Section4.2. They wereimplementedusingPerlon a worksta-
tion (CPU: UltraSparc-11480 MHz 4, Memory: 2 GBytes,OS: Solaris8), andthe
experimens wereconductedusingthe TREC WT10gtestcollection[37], which con-
tainsabout1.69million Web pages.Stopwordswereeliminatedfrom all Web pages
in thecollectionbasednthestopword list® andstemmig wasperformedusingPorter
Stemmet [68]. We formulatedqueryvectorQ usingthetermsincludedin the “title”
eld in eachTopic from 451to 500 at the TREC WT10gtestcollection This query
vectorQ is denotedasfollows:

Q=(4,%: Q)

wherem is the numberof distincttermsin the Web pagecollection,andty

(k= 1,2, ;m) denotegheeachterm.Eachelementy, of Q is de ned asfollows:
|
05 Qf (t) Nwen
= 05+ lo ; 4.13
9 TQf()  0d () (443
(k=12 ;m)

whereQf (tx); Nwen, andd (ty) is the numberof index termsty, the total numberof
Web pagesin the testcollection,andthe numberof Web pagesin which thetermt
appearsrespectiely. As reportedin [77], Equation(4.13)is the elementof a query
vectorthatbringsthe bestsearchresult(seeEquation(2.1) in Section2.3.2). We then
computethe similarity sim(w ®st; Q) betweerre ned featurevectorw ®st andquery
vectorQ. Thesim(w®st; Q) is de ned asfollows:

: w®et Q
simw®e; Q)= ———— =
( ) jw®stj jQj

In addition, we computeaverageR-precisionP basedn thefollowing equation:

(4.14)

Wa
p- L Ri'q“; (4.15)
Nq n=1 Rq
Sftp://ftp.cs.ornell.edi/publsmart/english.sim
http://www.tattarus.og/ martinPorterStemrer/

n
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whereq, isthen™ (n= 1;2;  ;Ng) query R, isthenumberof relevantdocuments
for g,, and Rely, is the numberof top Rq, relevantdocumentshat systemreturns
(seeSection2.4.1). With regardto the setof 50 retrieval tasks(Nq = 50), we apply
Equation(4.15)to evaluatethetop 1000Web pageghatour proposednethodgeturn.

In orderto verify the effectivenessof the three proposedmethod describedin
Section4.2, we generatedhe re ned featurevectorw ®st for initial featurevector
wPet of targetpagepy: with respecto thefollowing cases:

Method | [(Method i), (MethodI—ii)]

(a) wherethe contentsof all Web pagesat levels upto L i, )th in the backward di-
rectionfrom py; re ect ontheinitial featurevectorw Pet,

(b) wherethe contentf all Webpagesatlevelsupto L(out)th in theforwarddirec-
tion from py; re ect ontheinitial featurevectorw P!,

(c) wherethe contentsof all Webpagesatlevelsbothupto L(in)th in the backward
directionandupto L(out)th in theforwarddirectionfrom py; re ect ontheinitial
featurevectorw Pt

Method II [(Methodll-i), (Methodll—ii)]

(a) wherethe centroidvectorsof clustersgeneratedy the group of Web pagesat
eachlevel upto L ;)™ in the backward directionfrom py: re ect on theinitial
featurevectorw Pet,

(b) wherethe centroidvectorsof clustersgeneratedy the group of Web pagesat
eachlevel up to L(out)th in the forward directionfrom py; re ect on theinitial
featurevectorw Pt

(c) wherethe centroidvectorsof clustersgeneratedy the group of Web pagesat
eachlevel bothupto L ,y™ in the backvard directionandup to L (o™ in the
forwarddirectionfrom py; re ect ontheinitial featurevectorwPs,
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Method III [(Methodlll-i), (Methodlll—ii)]

(a) wherethe centroidvectorsof clustersgeneratedy the groupof all Web pages
at levels up to L(in)th in the backward directionfrom py; re ect on the initial
featurevectorwPuet,

(b) wherethecentroidvectorsof clustersgeneratedby thegroupof all Webpagesat
levelsupto L(out)th in theforwarddirectionfrom py; re ect ontheinitial feature
vectorwPut,

(c) wherethe centroidvectorsof clustersgeneratedy the groupof all Web pages
atlevelsupto L(in)‘h in the backward directionandlevels up to L(out)th in the
forwarddirectionfrom py, re ect ontheinitial featurevectorwPst.

4.3.2 Experimental Results

Figures4.4 and 4.5 illu stratethe averageprecisionwhen the valuesof L iy, L (out),
[L¢iny; Louny] Varyin Methodl-i andii, respectrely. Figures4.7to 4.9 andFigures
4.10to 4.12illustratethe averageprecisionwhenthe numberof clustersK variesin
Methodll-i andii, respectrely. Moreover, Figures4.13to 4.15andFigures4.16to
4.18illustratethe averageprecisionwhenthe numberof clustersK variesin Method
lll-i andii, respectiely. In orderto facilitatethe comparisorof the averageprecision
obtainedby our proposedmethodsand TF-IDF schme,we also shav the retrieval
accurayg obtainedby TF-IDF scheman each gure. Theprecisionof TF-IDF scheme
doesnotdependnthevaluesof L (i), L (out), @andthenumberof clustersK . Therefore,
theretrieval accurag obtainedoy TF-IDF schemas x edfor thosevalues.
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4.3.3 Experimentsfor Further Impr ovement

If re ned featurevectorsof Web pagesareiteratvely usedand eachelementin the
featurevectoris updatedin eachiterative step, it is expectedthat we can generate
furtherre ned featurevectorsof Web pagesandobtainmuchbetterprecision. Thus,
in this sectionwe applythis assumpbn to our proposednethodthatbroughtthe best
results,namely Methodlll-ii (a) (L) = 2,K = 3), andverify the effectivenessof
thisassumgpgon.

First, we denotethe further re ned featurevectorwPet(" of target pagepig: ob-
tainedby n iterationsasfollows:

Wptgt(n) — (W{tht(n).wtptgt(n). .thtgt(n)).
1 1 2 ’ H m ]

wherem is the numberof distincttermsandandty, (k = 1;2; ;m) denotessach

term. In theiterative algorithm,eachelement{*™ of wPs:(" is de ned asfollows:

wPot(n+2) _

) < 04D ot .16

wheren is the numker of iterations.Thetwo initial weightsfor Equation(4.16)areas
follows:

Wf’ktgt(o) : theinitial weightgiven by TF-IDF schemale ned by Equation(4.2),
Wfktgt(l) . theinitial weightgiven by Equation(4.12).

Basedon Equatian (4.16),we conductedxperimentsn orderto verify theretrieval
accurayg of the above iterative algorithm. Figure 4.19 shows the averageprecision
whenthe numberof iterationsvariesfrom 2 to 50.
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4.3.4 Discussion

We can obsere the following ndings in eachmethod. In Method [, asshown in

Figures4.4and4.5,thesimilarity betweerthetargetpagep,,: andWebpagesatlevels
uptothird (Liny  3) in thebackwarddirectionfrom py, andWebpagesatlevelsup
to third (Loury  3) in theforward directionfrom pyg, is high, andtheseneighboring
Web pagesof py: contritute for representinghe contentsof py: more accurately
However, thesimilarity betweerthetargetpagep,,: andWebpagedrom forth (L ¢in)

4) level in the backward directionfrom pyg;, and Web pagesfrom forth (L ouy ~ 4)

level in the forward directionfrom py, is low, therefore we cannotobsere the effect
of representinghe contentsof pg: more accurately Here,in Figure 4.6, we shav

thedistribution of averagesimilarity betweenNebpagesn the WT10gtestcollection
andWebpagesdn the backward andforwarddirectionsfrom the eachWeb pagein the
collection. The similarity betweena Web pagep in the collectionand Web pagesat
levelsuptothird (L ¢,y  3) in thebackwarddirectionfrom p, andWebpagesatlevels
up to third (L¢iny  3) in the forward directionfrom p is relatively high. However,

the averagesimilarity betweena Web pagep in the collectionand Web pagesfrom

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

(Loury  4) levelin theforward directionfrom p is low. We considerthatthesefacts
affectthe precision.In addition, asFigure4.4 and4.5 show, in thecaseof L i,y 4
andLuy 4, theaverageprecisiontendto decline. Therefore,t is appropriatehat
we examinedthe averageprecisionin therangeof 1 L,y 5 andl  Lowy 5.

In Methodll, asshown in Figures4.7 to 4.12,the fartherthe distancefrom target
Webpagepy:, in otherwords,thelargerthevaluesof L i,y andL (o) are,thesmaller
thegapbetweerthegraphof averageprecisionobtainedoy our proposednethodsand
the graphof averageprecisionobtainedby TF-IDF schemes. In otherwords, the
degreeof improvementin retrieval accurag is smallcomparedwvith TF-IDF scheme.
Thus,we foundthatwith regardto thecontentsof Webpagesthereis strongsimilarity
betweenthe featurevector of target pagepy: andthe centroidvector generatedy
Web pagegroupsat eachlevel up to rst in the backward (L iy = 1) andforward
(L ouy = 1) directionsfrom py;. However, we alsofoundthatsimilarity betweerthe
featurevectorof py; andthe centroidvectorgeneratedy the groupof Web pagesat
eachlevel from py: reducesasthevalueof i, which denoteghe lengthof the shortest
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directedpathfrom py; to its hyperlinked neighboringpagesincreases.

In Methodlll, asshown in Figures4.13to 4.18,the bestretrieval accurag is ob-
tainedwhenwe generateae ned featurevectorsusingeachcentroidvectorsof three
clusters(K = 3) generatedn a Web pagegroup producedusing all Web pagesat
levelsuptosecondL iny 2, Luw) 2) in thebackwardor forwarddirectionsfrom
thetamgetpagepy:. Sincethe bestretrieval accurag is obtainedwhenthe numberof
clustersis three(K = 3) in this method,we caninfer thatthe topics of Web pages
atlevelsuptosecondLny 2, Louw) 2) inthebackwardandforwarddirections
from py; is usuallycomposeaf threetopics.

Furthermorewe found the following relationsbetweenthe numberof clustersin
Methodll andlll. Firstly, in Methodll, asshavn in Figures4.7to 4.12,we obsened
thattheaverageprecisiontendto decreasén thecaseof K 3. Ontheotherhand,in
Methodlll, we obtainthe sameresultsasthoseof Methodll in thecaseof L j,) = 1
andL o1y = lasshavnin Equation (4.8)and(4.12). However, in thecaseof L i,y 2
andL ) 2, we obsenredthatthe averageprecisiondecreasgraduallywhenthe
numberof clustersK is greaterthan4. Thereforewe considerthatit is valid thatwe
examinedthe averageprecisionin therangeof 1 K 5in MethodlIl andlll.

In Methodl, II, andlll, theapproachi alwaysoutperformtheapproach. In other
words,whenwere ect thedistancébetweerw P9t andthefeaturevectorof in- andout-
linkedpagesf pg: oneachelemenbfwPst, we canobtainbetterretrieval accurag. In
approach, thelengthof theshortestlirectedpathin thebackwardor forwarddirection
from py: to its hyperlinked neighboringpagesis re ected on eachelementof w P,
This lengthis the x edvalue,namelyl, 2, 3, 4 or 5. However, in approachii, the
distancediffers dependingon betweentarget Web pagesandtheir hyperlnked Web
page,or betweenarget Web pageand generatealusters. Therefore the approachi
canachieze more e xible weightassignnentin orderto generatee ned featurevector

Table 4.1, which summnarizesthe resultsdescribedabove, illustratesthe average
precisionwhenwe generatedeaturevector of Web pageusing TF-IDF schemeand
the bestaverageprecisionwhenwe generatedeaturevectorof Web pageusingeach
of our proposedmethod. In Method|, the bestretrieval accurag is obtainedwhen
we generatethe featurevector for a Web pageby utilizing the contentsof all Web
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Table4.1. Comparisn of thebestseart accuacgy obtanedusing Methodl, 11, andlll.

% average | % improvement
precision
TF-IDF 11.31
MethodI-i (a)[Ln) = 3] 13.92 +2.61
MethodI-ii (a)[L ¢n) = 3] 15.30 +3.99
Methodll-i (a)[Lgn) = LK = 2] 13.04 +1.73
Methodll-ii (a)[Ln) = LK = 2] 14.74 +3.43
Methodlll-i (a)[Ln) = 2K = 3] 14.03 +2.72
Methodlll-ii (a)[Ln) = 2K = 3] 16.23 +4.92

pagesatlevelsup to third (L iy = 3) in the backward directionfrom the target page
Pgt- IN Methodll, the bestretrieval accurag is obtainedwhenwe generatee ned

featurevectorsusing eachcentroidvectorsof two clusters(K = 2) generatedn a
Web pagegroupproducedusingall Web pagesatlevelsupto rst (L, = 1) in the
backward directionfrom the tamget pagepy:. Moreover, in Mehodlll, we obtainthe
bestretrieval accurag whenwe generatee ned featurevectorsusing eachcentroid
vectorsof threeclusters(K = 3) generatedn a Web pagegroup producedusingall

Webpagesatlevels upto secondL ¢in) = 2) in thebackwarddirectionfrom thetamget
pagepy:. Furthermoreasshavn in Table4.1,in ary caseof Methods |, II, andlll,

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

usingthe contentsof in-linked pageof atargetpage.We considerthatthis nding is

obtainedbecauseave caneasilyreachWebpagessimilar to atargetWebpagewhenwe
follow the hyperlinksin the backward directionfrom the target pagewhile we reach
variousWeb pagesthatis not so similar to the contentsof the target pagewhenwe
follow the hyperlirks in the forward directionfrom the target page. In otherwords,
Web pageshave a characteristidhat the in-linked pagesof a target Web pagehave
Web pagesrelevantto the contentsof the target page. As describedn Section3.1.2,
HITS algorithm[50] de nes Web pagesthat have mary outgong links ashubs and
alsode nesthe quality of a Web pageasauthority by consideringhe hubsasits in-

linked pagesof authoriy. In addition, focusingon the importanceof in-linked pages,
the tool that enableto navigate in the backward directionfrom a Web pageis also
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developed[17]. We canconsiderthattheresultsin Table4.1 suggestshe usefulness
of in-linkedpages.

Accordingto paper[37], in TREC-9Web Track, the outline of methodsusedby
participantsandaverageprecisionareshavn in Table4.2. We would like you to refer
thepapershavnin Table4.2abouttheir detailedmethods As shavn in Table4.2,the
averageprecisionbasedon HITS in [52] is 4.88%,andthe averageprecisionsbased
onmodi ed HITS in [23] are5.91%and6.37%. Thesearepoorresults.Additionally,
thereareno groupswhichimplementedP?ageRanlalgorithmamongthe participantof
TREC-9.Thus,in orderto compareour proposednethodswith PageRankalgorithm
we implemengdthis algorithmby ourself. As shovn in Table4.2,the averagepreci-
sionbasedn PageRanks 13.58%.0ntheotherhand,asshavnin Tables4.1and4.2,
our bestaverageprecisionis 16.23%. This resultis comparableo the resultof [20]
and[52]. Furthermorewe combineour methodswith HITS or PageRankalgorithm
In thesecasesthe averageprecisionis slightly improvedasshowvn in Table4.2. Con-
sideringthe compuational compleity, thesemethodsare not so effective compared
with our pureproposednethod.

In our experimentdfor furtherimprovementdescribedn Section4.3.3,we found
that the corvergenceof iterateis relatively rapidandk = 20is sufcient to become
stable.The precisionobtainedafter corvergenceis 16.33%.In otherwords,we could
obtain0.1%improvementcomparedvith thebestprecision(16.23%asshovnin Table
4.2) amongour pure proposednethods.We considerthis improvementrate,0.1%is
notsosigini cant. Thereforewe believe thatour pureproposednethodsareeffective
enoughto characterizéVeb pagesmore accuratelyandthe obtainedresultsby using
themaresufciently solid.
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Table4.2. Averageprecisionof WT10gusinglink information.

group outlinesof methods % average

usedby group precision
JustSysteni33] anchortext 20.00
anchortext + long query 18.38
WaterlooUniversity [20] content-link 16.31
4gramcontent-link 17.94
TwenteUniversity [52] cocitationtop 10 16.30
cocitationtop 50 13.37
HITS 4.88
NeuchatelUniversty [82] Okapi+ probabiligic augmentation 17.36
AT&T [89] anchortext 12.50
variantof anchortext 12.88
JohnsHopkinsUniversity [62] backlink frequeng 10.62
Padova Universty [23] modi ed HITS 5.91
modi ed HITS with weightedlinks 6.37
PageRank 13.58
our bestresult Method IllI-ii (a) [Lny = 2,K = 3] 16.23
HITS + our bestresult 16.27
PageRank+ our bestresult 16.26
iterative algorithmbasedon Methodlll—ii (a) 16.33
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4.4 Condusion of this Chapter

In this chapteyin orderto representhe contentsof Web pagesmore accuratelywe
proposedhreeapproacheso re ning the TF-IDF schemefor Web pagesusingtheir
hyperlinked neighboriry pages.Our approachs novd in re ning the TF-IDF based
featurevectorof atargetWebpageby re ecting the contentf its hyperlinkedneigh-
boring pages. Then, we conductedexperimens with regard to the following three
approaches:

theapproactrelieson the contentsof all Webpagesatlevelsupto L i, )th in the
backward directionandlevelsup to L (Out)th in the forward directionfrom the

targetpagepg:,

theapproachelieson the centroidvectorsof clustersgeneratedrom Web page
groupscreatedat eachlevel up to L(in)th in the backward directionand each
levelupto L(out)‘h in theforwarddirectionfrom the targetpagepg:,

theapproachelieson the centroidvectorsof clustersgeneratedrom Web page
groupscreatedat levels upto L g, )‘h in the backward directionandlevelsupto
Ln)™ in theforwarddirectionfrom the target pagepig:,

andevaluatedretrieval accurag of the re ned featurevectorobtainedfrom eachap-
proachusingrecall-precisioncurves. RegardingMethod |, we cangeneratea more
accuratdeaturevectorfor a Web pageby utilizing the contentsof all Web pagesat
levels up to at leastsecondin the backward and forward directionsfrom the tamget
pagepy:. In Methodll, we found thatthereis strongsimilarity betweerthe feature
vectorof the target pagepy: andthe centroidvectorgeneratedy the group of Web
pagesateachlevelupto rst in thebackwardandforwarddirectionsfrom py:. Onthe
otherhand,the similarity betweernp,; andthe centroidvectorgeneratedby the group
of Web pagesat eachlevel from py; reducesasthe lengthof the shortesdirect paths
from py: to its hyperlinked neighborng pagesincreases With regardto Methodlll,

amoreaccuratdeaturevectorfor a Web pageis generatedvhenwe usethe contents
of Webpagesatlevels up to secondn the backwarddirectionfrom pyg;. Furthermore,
comparedwith the respectre bestretrieval accurag obtainedusing thesethreeap-
proachesye foundthatin-linked pagesof a target pagemainly affect for generating
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featurevectorthatrepresentshe contentsof the tamget pagemoreaccurately Conse-
guently it is assumedhatmoreaccuratdeaturevectorsof Webpagesanbegenerated
by assigning higherweightto in-linked pagesatherthanout-linked pagesof a target

page.We planto verify thisassumpbn in futurework.

In thischapterwe usedheK -meansalgorithm[60] in orderto classifythefeatures
of in- andout-linked pagesf atargetpage.However, sincewe have to setthenumber
of clustersinitially in the K -meansalgorithm we considerthis algorithmto be inap-
propriatefor classifyingthefeatureof Webpagedhathave variouslink environmens.
Therefore,jn future work, we planto devise someclusteringmethodsappropriateor
variouslink ervironmentsof Web pages. Moreover, in this chaptey we focusedon
thehyperlirk structureof theWebaimingatgeneratingnoreaccuratdeaturevectors
of Web pages. However, in orderto satisfythe users actualinformation need,it is
moreimportantto nd relevantWeb pagedrom the enormousNeb space.Therefore,
we planto addresshetechniqueo provide userswith personalizednformationin the
next chapter
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Chapter 5

Web Search Basedon User's
Preferenes

Websearctenginedelpusersnd usefulinformationontheWorld Wide Web (WWW).
However, whenthe samequeryis submitted by differentuserstypical searchengines
returnthe sameresultregardlesof who submitted thequery Generallyeachuserhas
differentinformation needdfor his/herquery Therefore the searchresultsshouldbe

adaptedo userswith differentinformation needsIn this chapterwe rst proposesev-

eral approaches$o adaptingsearchresultsaccordingto eachusers needfor relevant
informatian without ary usereffort, andthenverify the effectivenesof our proposed
approaches.Experimentalresultsshov that more ne-grained searchsystemsthat
adaptto eachusers preferencesanbeachiezedby constructinguserpro les basecn

modi ed collaboratve Itering.

5.1 Intr oduction

With the rapid spreadof the Internet,aryone can easily accessvariousinformation
by usingpersonatomputerscellularphonesPersonabDigital Assistans (PDAS), and
suchdevices. Sinceinformationresource®n the WWW continueto grow, it hasbe-
comeincreasinglydif cult for usersto nd informationon the WWW that satis es
theirindividual needs Underthesecircumstances3)Neb searchengineshelpusersnd

usefulinformationon the WWW. However, whenthe samequeryis submited by dif-
ferentusers,mostsearchenginesreturnthe sameresultsregardlessof who submts
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the query In general,eachuserhasdifferentinformation needsfor his/herquery
For example,for the query“Java; someusersmay be interestedn documentsieal-
ing with the programming language,'Java; while otherusersmay wantdocuments
relatedto “coffee’ Therefore,Web searchresultsshouldadaptto userswith differ-
entinformationneeds. In orderto predictsuchinformation needsthereare several
approacheapplyingdatamining techniquego extractusagepatterndrom Web logs
[13, 91, 21, 31, 104. However, the discovery of patternsfrom usagedataby itself
is notsufcient for performingthe personalizatiortasks. Furthermore Shahabet al.
[86] have pointedout thattheitem associatiorgeneratedrom Web senerlogs might
be wrong becauséVeb usagedatafrom the sener side are not reliable. Therefore,
thesetechniquesrenot so appropriatdor Web personalizationAnothernovel infor-
mationsystemslesignedo realizesuchsystens have beenproposedhatpersonalize
informatian or provide morerelevantinformationfor users.As far aswe know, three
typesof Web searchsystens provide suchinformation: (1) systemsusingrelevance
feedbacK73], (2) systens in which usersregistertheir interestor demographidénfor-
mation and(3) systemghatrecommendnformationbasedon users'ratings.In these
systens, usershave to register personalinformationsuchastheir interests,age,and
so on beforehandpr usershave to provide feedbackon relevant or irrelevant judge-
ments ratingsonascalefrom 1 (verybad)to 5 (very good),andsoon. Thesetypesof
registraton, feedbackor ratingscanbecometime consumingandusersprefereasier
methods Therefore,in this chaptey we proposeseveral approacheshat canbe used
to adaptsearchresultsaccordingto eachusers informationneed.We, then,compare
theretrieval accurag of our proposedapproachesOur approachs novel becauset
allows eachuserto performmore ne-grained searchby capturingchangesf each
users preference without any usereffort. Sucha methodis not performedin typical
searchengines.
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5.2 ProposdMethods

As we describedn Section3.2.1, hyperlink-basegersonalizedearchsystemshave
a problemin thatthey do not clarify whethertheir searchresultsactuallysatisfyeach
users information need. This is becauseersonalizatiorbasedon a users context,
i.e.,browsing patternspookmarksandsoonis notperformed.The personalizedeb
sitesdescribedn Section3.2.2 have the following shortcoming: (1) usershave to
rate items or adjustslidersto obtain relevantinformation in “Link Personalization”
describedn Section3.2.2(a);(2) in “Content Personalizatioi,describedn Section
3.2.2(b),theload on usersbecomesigh becausehey have to answerquestionnaires
in advanceto registertheir personapreference or demographienformation, andthey
have to changeheirregisteredinformationby themselesif theirinterestchange|3)
in “Design-OrientedPersonalizationtiescribedn Section3.2.2(c),dynamicchanges
in users preferencesre not addressed.In addition, the recommendesystemsde-
scribedin Section3.2.3,have the potental to provide serendipitousecommendatias
if usersareonly willing to rateitems. However, in practice,mostusersareunwilling
to rateitems even thoughusers ratingsfor itemsare key factorsto achieszing better
recommendation As aresult,the accurag of recommendatios may be poor. Fur-
thermore,this is alsotrue in personalizednultimedia systemsdescribedn Section
3.2.4,andespeciallyin collaboratve Itering-basedpersonalizednultimediasystens,
althoughthetime it takesto computerecommendehformation for userss not much
longersincemultimediainformatian with alarge amountof datadoesnot needto be
analyzed.

We do not necessarilypelieve thatapproachebasedon userratingsprovide users
with morerelevantinformationthatsatis eseachusers informationneed.Therefore,
searchsystemshoulddirectly and exactly capturethe changesn eachusers prefer
enceswithout ary usereffort in orderto provide morerelevantinformationfor each
user In orderto constructsuchsystemswe proposeseveral approacheso adapting
searchresultsaccordingto eachusers informationneed. Unlike the researclstudies
describedn Section3.2,our approachs novel becausét allows eachuserto perform
a ne-grainedsearchby capturingthe changesn eachusers preference without any
usereffort.

Figure 5.1 shavs an overview of our system. Whena usersubmitsa queryto a
searchenginethrougha Web browser the searchenginereturnssearchresultscorre-
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Figureb.1. Systemoverview.

spondng to the query Basedon the searchresults the usermay selecta Web pagein

anattemptto satisfyhis/herinformation need.In addition, the usermay accessnore
Web pagedby following the hyperlinkson his/her selectedVeb pageandcontinueto
browse. Our systemmonitorsthe users browsing history and updateshis/herpro le

wheneer his/her browsing pagechanges.Whenthe usersubmis a query the next
time, the searchresultsadaptbasedon his/her userpro le.

In the following sectionswe explain how to constructa userpro le in theupdate
pro le componenillustratedin Figure5.1. In our approachthe userpro le is con-
structedmplicitly. In otherwords,auserdoesnotneedto performexplicit effortssuch
asfeedbackratingsandsoonin orderto constructhis/herpro le. We constructeach
userpro le basedon the following two methods:(1) Purebrowsing history, and(2)
Modi ed collaboratve Itering.
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5.2.1 UserPro le Construction Basedon Pure Browsing History

In this method,we assumehatthe preference of eachuserconsistof the following
two aspects:(1) persistent(or long term) preferencesand (2) ephemeralor short
term) preferences.In persistenipreferencesthe userpro le is incrementallydevel-
opedovertime andit is storedfor usein latersessionsTheinformationexploitedfor
constructig the pro le usuallycomesfrom varioussourcesso it relieson different
aspectof theuser Ontheotherhand,in ephemerapreferencegheinformationused
to constructeachuserpro le is only gatheredduringthe currentsessionandit is im-
mediatelyexploited for executirg someadaptve processaimedat personalizinghe
currentinteraction.Fromthesetwo factorswe constructeachuserpro le P consider
ing bothpersistenpreferences? P, andephemerapreferencesp %, P P shaws
auserpro le constructedxploiting the users browsing history of Web pagefrom N
daysago(seeFigure5.2). Here,we introducethe conceptof window sizein orderto
constructP P, anddene S; (j = 0;1;2; ;N) asthe numberof Web pagesthe
userbrowsedonthej™ day “j = 0" means‘today” asshavn in Figure5.2. In each
day, P °%¥ s constructedhroughthe following process First, we denotethe feature
vectorw P of browsedWebpagehp (hp = 1;2; ;So) asfollows:

w' = (wPiwls W)
wherem is the numberof distincttermsin theWebpagehp, andty (k= 1;2; ;m)
denotegachterm. UsingtheTF (termfrequeng) schemewe alsode ne eachelement
wiP of w" asfollows:

tf (ty; hp)
=P op K : 5.1
" T, 1 (1 ) &4
wheretf (t; hp) is thefrequeng of termt, in eachbrovsedWeb pagehp, andc™ is
a constanthatshaows to whatextentour systenmre ects the contentsof the Web page

oneachuserpro le. We de ne constant™ asfollows:

8
<1, dr Th;

o =
S0 dr< Th;
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i Browsing history of
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today (0 day ago)

Figure5.2. Window sizefor constructingpersistentiserpro le.

wheredr denoteghe time spentreadingnormalizedby the numberof termsin Web
pagehp. We de ne thresholdT h as0.317basedn preliminaryexperiments We then
denoteuserpro le P % asfollows:

today — today . today . . ~todayy.
P = (ptl ’ptz )’

’ » Mm

andde ne eachelemenip®™ asfollows:

As describedabore, P 9 shavs auserpro le constructedisingthe users browsing
history of today's Webpage.Moreover, we setthewindow sizeN (N = 1;2; ;30)
to constructP P*". We alsodenoteP P°" asfollows:

er — per. per. . Pery.
Pp - ( 1 7 2 1 aptm )1

andde ne eachelementpf" asfollows:

RN 0
pf):l'f — i kap e ||3_|2(d Gt _init ); (5.2)
Sn hp=1

log 2

wheree 7@ % ) js a forgettingfactorunderthe assumpbn that users prefer
encesgraduallydecayas dayspass. In this factor d,, . is the day whenterm t
initially occur d is the numberof daysfollowing to d, .. , andhl is a half-life span
parameterWe setthe half-life spanhl to 7. In otherwords,the intuition behindthis
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assumpbn is thatusers preferenceseduceby 1/2 in oneweek. Let us assumehat
eachuserbronvsedSy pageson eachday Of course,the numter of browvsedWeb
pagesSy, differsuserby user Therefore,we normalizepf ' usingSy asshawnin

Equation(5.2). Usingtheseparametersye nally constructuserpro le P asde ned
in thefollowing equation:

P = gPPer + u;)today; (5_3)

wherea andbareconstantshatsatisfya+ b= 1.

5.2.2 User Prole Construction Basedon Modi ed Collaborative
Filterin g Algorithm

In this section,we rst brie y review the purecollaboratve Itering algorithm,espe-
cially neighborhod-basedlgorithms andthendescribenow to construcuserpro les
usingthemodi ed collaboratve Itering algorithrrs.

(a) Overview of the Pure Collaborative Filtering Algorithm

Collaboratve Itering canberepresentedsthe problemof predictingmissirg values
in a useritem ratingsmatrix. Figure5.3 shavs a simplied exampleof a useritem
ratingsmatrix.

In the neighborhood-basealgorithm[38], a subsetof usersis rst chosenbased
on their similarity to the actve user and a weightedcombinationof their rating is
thenusedto producepredictiors for the active user The algorithmwe usecanbe
sumnarizedin thefollowing steps:

1. Weight all userswith respectto similarity to the active user This similarity
betweenusersis measuredsthe Pearsorcorrelationcoefcient betweertheir
ratingvectors.

2. Selectn usersthathave the highestsimilarity with the active user Theseusers
form theneighbortood

3. Computea predictionfrom aweightedcombinaton of the neighbors ratings.
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Item that prediction is computed

item 1| item 2| ----- itemi| ----- item |
userl] 2 3 2
Active user?2l 5 1 4
user !
\ user a 3 5
userU 4 2 5

Figure5.3. Useritem ratingsmatrix for collaboratve Itering.

In stepl, S,.,, which denotessimilarity betweerusersa andu, is computedusing

the Pearsorcorrelationcoefcient de ned below:

Pi|=1(ra;i ra) r‘(ru;i ru)
(e T2 ot TW)?

Sau = 4 (5.4)
wherer ,; istheratinggivento itemi by usera, r, is themeanratinggivenby usera,
andl is thetotal numberof items.

In step2,i.e.,neighborhood-basadethodsa subsebf appropriateiserss chosen
basedn their similarity to the active user anda weightedaggreateof their ratingsis
usedto generatgredictionsfor theactive userin the next step3.

In step3, predictionsarecomputedasthe weightedaverageof deviationsfrom the
neighbors mean:

P
8:1 (Lu;i ru) Sa;u .

Pai = ra + L E— ,
u=1 Sau

wherep,; is the predictionfor active usera for itemi, S, is the similarity between
usersa and u as describedat Equation(5.4), and n is the numberof usersin the
neighborhod.
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(b) UserPro le Construction usingModi ed Collaborative Filtering Algorithm

In the purecollaboratve Itering algorithrms describedn Section5.2.2(a) we consid-
ereda useritem ratingsmatrix. Similarly, in the constructiorof auserpro le, we can
consideausertermweightsmatrixlik ethatshovn in Figure5.4(a).In addition,based
onthepurecollaboratve Itering algorithms we canapplytheir predictve algorithns
to predicta termweightin eachuserpro le. In otherwords, sinceeachuserpro le
is computedbasedon termweightsin a Web pagethe userbrowsedandthe browsed
pagesaredifferentaccordingto eachuser the userpro le is constructedn the form
of ausertermweightsmatrix with missng values asillustratedin Figure5.4. Thisis
very analogougo the useritem ratingsmatrix usedin the purecollaboratve ltering
algorithns. Thereforewe expectthata moreaccuratauserpro le is constructedince
thesemissng valuesarepredictedusingthealgorithmsin collaboratve Itering. In this
approachye proposethefollowing two methods:(1) userpro le constructiorbased
on the staticnumberof usersin the neighborhoodand (2) userpro le construction
basedn dynamicnumberof usersn the neighborhood

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

In this method,our proposedalgorithirs areexplainedin the following steps(notethe
similarity to the collaboratve Itering algorithmsdescribedn Section5.2.2(a)):

1. Weight all userswith respectto similarity to the active user This similarity
betweenusersis measuredsthe Pearsorcorrelationcoefcient betweertheir
termweightvectorsunlike theratingvectorsdescribedn Section5.2.2(a).

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

3. Computeapredictionfrom aweightedcombinaton of theneighba'stermweights.

In stepl, S,.,, which denotessimilarity betweerusersa andu, is computedusing
thePearsorcorrelationcoefcient, de ned below:
P

Do Wai Wa) (Wi W) (5.5)

Squ = 4

P P '
iT=1 (Wa; Wa,)?2 iT=1 (Wyi Wy )2
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Term weight that prediction is computed

term 1{term 2| ----- termi| ----- term T
user 11 0.745| 0.362 0.718
Active user 2 0.835 0.534 0.126
user :
\ user a 0.639 0.485
user U] 0.247| 0.461 0.928
()
Term weight that prediction is computed
term 1literm 2| ----- termi| ----- term T|term T+lterm T+2| ----- term T+v
user 1] 0.745(0.362 0.718 0.451
Active user 2| 0.835 0.534 0.126| 0.723
user :
\ user a 0.639 0.485 0.328 0.563
user U] 0.247| 0.461 0.928 0.686 0.172

(b)

Figure5.4. Userterm weightsmatrix for modi ed collaboratve ltering [(a) when
eachuserbrowsedk Webpages(b) wheneachuserbrowsedk + 1 Webpages].
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wherew,; is theweightof termi regardingusera computedasedn termfrequengy
in a browsedWeb pagede ned by Equation(5.1), andwj, is the meanterm weight
regardingusera, andT is thetotal numberof terms.

In step2,i.e.,neighborhood-basadethodsa subsebf appropriateiserss chosen
basedon their similarity to the active user and a weightedaggreate of their term
weightsis usedto generateredictionsfor the active userin the comingstep3. In this
step,the numberof selectedusersis x edto n for any user Thatis why we call this
method"static’

In step3, predictionsarecomputedastheweightedaverageof deviationsfrom the
neighbors mean:

i l=1 (Vg,u;i Wu)  Sau.

Pai = Wa +

n
u=1 Sa;u

wherep,; is thepredictionfor theactive usera for weightof termi, S,., is thesimilar
ity betweerusersa andu asdescribedat Equation(5.5),andn is the numberof users
in theneighborhod.

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

In this method,our proposedalgorithns areexplainedin the following steps(notethe
similarity to the collaboratve Itering algorithmsdescribedn Section5.2.2(a),and
theaforementionedtaticapproach):

1. Generateclustersof usershy meansof the k-NearesiNeighborclusteringalgo-
rithms [45]. Thesimilarity betweerusera andtheseclusterss measure@sthe
Pearsortorrelationcoefcient betweertheirtermweightvectors.

2. Selectn clusterghathave highersimilarity to the active userthanthethreshold.
We considerthe centroidvectorsof theseselectectlustersasthe neighborlwod
of theactive user

3. Computea predictionfrom a weightedcombinatia of the term weightsusing
centroidvectorsof clusters.
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In stepl, S,,4, Which denotessimilarity betweenusersa and centroidvectorsof
clustersg, is computedusingthe Pearsortorrelationcoefcient, de ned below:
P

iT=1 (Wai  Wa)  (Wgi W)
PT P

Sa;g = 4 = ;
iz (Wa;i  Wa)? L1 (Wgi )2

(5.6)
wherew,; is the weight of of termi regardingusera computedbasedon term fre-
gueng in a browsedWeb pagede ned by Equation(5.1), andw, is the meanterm
weightregardingusera, andT is thetotal numberof terms.

In step2, several clustersare chosenbasedon their similarity to the active user
andaweightedaggreyateof their termweightsis usedto generatgredictionsfor the
active userin the next step3. In this step,the numberof selectectlustersis different
userby user Thatis why we call this method‘dynamic’ Thereforeijt is expectedhat
this methodallows eachuserto performmore ne-grainedsearch.

In step3, predictionsarecomputedcastheweightedaverageof deviationsfrom the
neighbors mean:

Dui = W + g-1 (V\r/ i Wg)  Sag.

n )
g=1 Sayg

wherep,; is thepredictionfor theactive usera for termweightsi, S, is thesimilarity
betweerusersa andcentroidvectorsof clustersy asdescribecat Equation(5.6), and
n is the numberof centroidvectorsof clustersin the neighborhod.

5.3 Experiments

5.3.1 Experimental Setup

We conductedxperimens in orderto verify the effectivenesof thethreeapproaches:
(1) relevancefeedbackandimplicit approacheq2) userpro les basedn purebrows-
ing histay asdescribedn Section5.2.1,and(3) userpro les basedon the modied
collaboratve ltering algorithmdescribedn Section5.2.2. While usershave to pro-
vide feedbaclexplicitly in relevancefeedbackusersdo not have to provide ary effort
in our proposednethods(2) and (3) sinceour systemimplicitly captureschangesn
users preferene. The experimentswere implementedusing Perl on a workstation
(CPU: UltraSparc-11480MHz 4, Memory: 2GBytes,OS: Solaris8)using 50 query
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topicsthatwereemployedastesttopicsin the TRECWT10gtestcollection[37]. Note
thatwe only usedquerytopicsof thetestcollection,anddid not usethe contentof the
testcollection.In ourexperimentsye obseredthebrowsinghistay of 20 subjectdor
30 days. The subjectsdbrowsed12 Web pagesn oneday on average.In addition, the
numberof termsin userpro les accumulatediuringthe 30 daysis about810,000.In
thefollowing, let theh™ Web pagein the searchresultsandtheuserpro le asde ned
by Equation (5.3) ber p, andP , respectiely. Then,thefeaturevectorof theh™ Web
pager py in thesearchresultsw P | is de ned asfollows:

r —_ IPh . Ph . . 'Phy-
W P = (th ’Wtz ’ ’th )a

wherem is thenumberof distincttermsin theWebpager p,,, andt, (k = 1;2; ;m)
denotesachterm. We alsode ne eachelementw;™ of w'P basedon the TF (term

frequeny) schemeasfollows:

ron — o U (ti TPn)
h ot (tsirpn)’

wheretf (ty;rpp) is thefrequeng of termty in therp,. Thesimilarity sim(P ;w"Pn)
betweertheuserpro le P andthefeaturevectorof theh! Webpagein searctresults
w'Ph is computedoy thefollowing equation.Thesim (P ;w'P) is de ned asfollows:

P w'n

1 . Phy) — .
sim(P ;w') jin Wi

(5.7)
Basedon the valueobtainedby Equation(5.7), the searchresultsareadaptedo each
useraccordingto his/herpro le. Theseresultswerecomparedvith the searchresults
of Google[11]. We thenevaluae the retrieval accurag using R-precision[3]. We
employed 30 asthevalueof R.
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5.3.2 Experimental Results
(a) UserPro le Basedon RelevanceFeedback

Relevancefeedbacl{73] is the mostpopularqueryreformulationstratgy. In arele-

vancefeedbackprocesstheuseris presentedvith alist of theretrieveddocumentsand
marksthosethat arerelevant after examiningthem. The basicideais to reformulate
the original queryvectorQ®°'? into new queryvectorQ™" suchthatit getscloserto

theterm-weightvectorspaceof therelevantdocumentsin our experimentwe usethe

Rocchioformulation de ned asfollows:

X X
d;

QMew = QUU4
1D¢] d, 20,

—— d;

1D d; 2o, J

whereD, andD,, arethe setof relevant and non-releeent documentsas identied

by the useramongthe retrieved documentsrespectrely, andjD,j andjD,j arethe

numberof documentsn thesetsD, andD,,, respectiely (seeSection2.5.1). We set
, and thataretuningconstantgo 1, 1 andO, respecitiely.

We believe that the new query vector Q™" obtainedby the users judgement,
whetherthe retrieved documentsare relevant or not, re ects the users preferences.
Therefore,we treat Q™" asP ¥ de ned by Equation(5.3), andemploy Q™" as
aninitial preferenceof a userto constructa userpro le. In this case,usingEquation
(5.3),theuserpro le P is de ned asfollows:

P = aPPer + mnew; (5_8)

We asled eachsubjectto judgeif the searchresultsreturnedby the searchengineare
relevant,andconstructeduserpro le P basedon Equation(5.8). In this experiment,
we variedthe numberof feedbackd=- B thateachuserprovidedfrom 1 to 3. Figures
5.5t0 5.7 shav the R-precisionwhenthe valuesof a andb arevariedsuchthatthese
valuessatisfya + b = 1 underthe condition thatthe numbersof feedbacksarel, 2,

and3.
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Figure 5.5. R-precision obtained us-
ing relevancefeedback-basedserpro le
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Figure5.7. R-precisionobtainedusingrelevancefeedback-basedserpro le (FB=3).
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(b) UserPro le Basedon Pure Browsing History

In this approachgachuserpro le is constructecasmentioredin Section5.2.1. The
userpro le P is de ned asfollows:

P = gPPer + u;)today:

Figure5.8shavsthe R-precisionwhenthevaluesof a andb arevariedsuchthatthese
valuessatisfya+ b= 1.

60
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‘a=0.2, b=0.8'
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‘Google’

R-precision (%)

30

5 10 15 20 25 30
Window size (days)

Figure5.8. R-precisionobtainedusingpurebrowsing history-basediserpro le.
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(c) UserPro le Basedon Modi ed Collaborative Filtering

In this approachwhenthe userbrowvsesa new Web page,newv termsare addedto

his/heruserpro le. However, otherusersdo not always browse the samepages so
missng valuesoccurin theusertermweightsmatrix asillu stratedn Figure5.4. These
missng valuesarepredictedusingthealgorithmsdescribedn Section5.2.2,andthen
the matrixis lled. We considerthatthis usertermvectorre ects the users prefer

encesLet thisusertermvectorwith predictedvaluebeV P'. WetreatV P'¢ asp 9%

de ned by Equation(5.3),andemploy V P'¢ asaninitial preferenceof a userto con-
structauserpro le. In this case usingEquation(5.3),theuserpro le P is de ned as
follows:

P =aPP +bvPe (5.9)

Figures5.9to 5.12 showv the R-precisionof static approachesvhenthe valuesof a
andb arevariedsuchthatthesevaluessatisfya + b = 1 underthe condition thatthe
numbersof neighborsn are5, 10, 15, and 20, respectiely. In addition, Figure5.13
shavsthe R-precisionof dynamicapproaches.
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Figure 5.9. R-precision obtained using
modi ed collaboratve ltering-baseduser
pro le (static,n = 5).

60

'a=0.8, b=0.2 —X—
'a=0.6, b=0.4' - +-
a=0.4, b=0.6' -~ K -
55 'a=0.2, b=0.8' —TF-
'a=0.620, b=0.380" — -
‘Google’
. 50l
£
=4
) g Y
:§ il ;"’HHWH'*M‘H :
5 .
@
40 | ; Hoe kKWKo g K
falutubal * oOooo In]
S Ho¥X  oo0 o o0
351
30 . . . . .
5 10 15 20 25 30

Window size (days)

Figure 5.11. R-precisionobtainedusing
modi ed collaboratve ltering-baseduser
pro le (static,n = 15).
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Figure 5.10. R-precisionobtainedusing

modi ed collaboratve Itering-baseduser

pro le (static,n = 10).
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Figure 5.12. R-precisionobtainedusing

modi ed collaboratve ltering-baseduser

pro le (static,n = 20).
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Figure5.13. R-precisionobtainedusing modi ed collaboratve Itering-baseduser
pro le (dynamic).
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5.3.3 Experimentsfor Further Impr ovement

In Section5.2.1,users searchesandbrowsing actuvities fell into onelogical session.
However, useramightdodifferenttaskin onedayandmaywell doseveralsearcheand
browsing actwvitiesin thattime period. Therefore we needto analyzeusers brows-

ing behaior in moredetail. Figure5.14illustratesthe detaildusers browsing history
in todayandN daysbeforetoday In this gure, we considerthatusersperformngy

differentsearchebeforethecurrentsessiorcur in today In otherwords,thecur™ ses-
sion, thatis the nevestsessiorin today is subsequertb then,,™ sessionTherefore,
therelationbetweemy,, andcur is de ned by thefollowing equation:

cur = np, + 1:

In eachday; P % is constructedhroughthefollowing processAt rst, wedenote
the featurevectorw "’ of browsedWeb pagehp® (hp = 1,2, ;So) in ther™
(r=1;2, ;np) sessiorasfollows:

) _ hp() . hp("), Cohp(y .
W hp - thp ’ t2p ’ ’ th? )’
wherem is thenumberof distincttermsin theWebpagehp”, andt, (k = 1;2; ;m)
denoteseachterm. Usingthe TF (term frequeng) scheme,eachelementw?kp(r) of
wh" is de ned asfollows:

. (r)
) _ np0 o B UGhPT)
M T A (ts hpD)

(5.10)

wheretf (t,; hp(") is the frequeny of termt, in eachbrowsedWeb pagehp(”, and
¢ is a constantthat shaws to what extent our systemre ect the contentsof the
Web pageon eachuserpro le. As well asEquation(5.2), we de ne constanc™"’ as

follows:
8
<1, dr Th;

Chp(') —
-0, dr< Th;

wheredr denoteghe time spentreadingnormalizedby the numberof termsin Web
pagehp(”, andthresholdT h is setto 0.317basecdn our preliminaryexperiments We
thende ne partialuserpro le P ") atther™ browsinghistoryin todayasfollows:

PO = l:pl; el
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Figure5.14. Detailedusers browsing historyin todayandN daysbeforetoday

andde ne eachelementpg) usingEquation(5.10)asfollows:

1 X )
(r) _ hp
P = — W,
K SO(r) hp:l t
1 Xo . tf (t; hpt"
L (tf" tr_’h )(r) : (5.11)
SO hp=1 s=1 (5’ p )

Wethende ne userpro le P " obtainedby browsinghistoryupto thecurrentsession
asfollows:

br) — (R(br). L(br). - n(Bny.

P(r)_(ptlr’ptzr’ : mr).

Using Equation(5.11),eachelemempﬁfr) is alsode ned asfollows:
Ron
b
SO

r=1

— Kon 1 X0 Chp(r) 5 tf (tk;hp(r))
r=1 S ppe 0, tf (ts; hp®")

Similarly, we denotethe featurevectorw """’ of browsedweb pagehp(ctr)
(hp= 1,2, ;Sp) inthecurrentsessiorasfollows:

hp(eur) _ hp(cur)_ hp(cur)_ . hp(cur) .
w P - th » Wty , » Wi )’
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wherem is thenumberof distincttermsin theWebpagehp®'"), andt, (k = 1;2; ;m)
denotesachterm. Usingthe TF (term frequeng) scheme,eachelementvvhp(wr) of
whP™ is de ned asfollows:

p(x:ur) — Chp(cur) o tf (tk, hp(CUI’)) i
"ot (ts;hpen)”

(5.12)

wheretf (t,; hp®)) is the frequeng of termt, in eachbronvsedWeb pagehp(©),
andc™“"’ is a constanthatshaws to what extentour systemre ects the contentsof
theWebpageon eachuserpro le de ned aswell asEquation(5.11). Then,we de ne
partialuserpro le P (°“") obtainedatthe currentsessiorin todayasfollows:

P(cur) _ ( (cur), pScur) ) (cur))_
’ 2 ’ m ’

andde ne eachelemenip{™" usingEquatia (5.12)asfollows:

X0
(cur) _ 1 hp(eur)
P, - So(cur) hp=1 Wi,
_ 1 >§O Chp(cur) . tf (tk, hp(CUI’)) .
Solen) hp=1 } ary tf (ts; hpteun)”

UsingP ®? andP (<47 p °% j5 constructedasfollows:
Ptoday = xP (br) + yP (cur); (5_13)

wherex andy areconstantghatsatisfyx + y = 1. In orderto emphasizehe current
sessionyve assignlargerweightto y thanx. In otherwords,y is largerthan0.5,andx
is smallerthan0.5underthe condition,x + y = 1.

Additionally, we also constructuserpro le P P®" consideringpersistentprefer
encesln orderto do that,asdescribedn Section5.2.1,we alsointroducethe concept
of windowsizeN (N = 1;2; ;30),anddeneS; (j = 0;1;2; N) asthenumber
of Web pageshe userbrowsedonthej ™ day “j = 0’ alsomeans‘today” asshavn
in Figure5.14.Theuserpro le P P*" is denotedasfollows:

PP = (o iph s P ) (5.14)

andeachelemenf}’" is de ned asfollows:

log 2
o WP e ), (5.15)

SN hp=1
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Figure5.15. R-precisionin the experimentdor furtherimprovement.

wheree (@ % m ) s aforgetting factorunderthe assumgion that users prefer
encesgraduallydecayas dayspass. In this factor d;, ,, is the day whenterm t

initially occur d is the numberof daysfollowing to d, ., , andhl is a half-life span
parameter The half-life spanhl is setto 7. In otherwords, we assumehat users
preferenceseduceby 1/2 in oneweek. We alsoassumehat eachuserbrowvsedSy

pageson eachday ThisvalueSy is differentuserby user Therefore we normalize
pf®" usingSy asshawvn in Equation(5.15). Using P % de ned by Equation(5.13),
andP P®" de ned by Equation(5.14),we constructuserpro le P asfollows:

aP Pe" + pP today

= aPPe 4+ pxp ) 4 byP (cur). (5.16)

P

We applyEquation(5.16)to our proposednethodthatbroughtthebestresults namely
userpro le constructiorbasedndynamicnumberof usersan theneighborhood(a =
0:613 b= 0:387), andverify theeffectivenes®f theapproachdescribedn thissection.

Figure5.15shavs the R-precisionwhenthe valueof x andy arevariedsuchthat
thesevaluessatisfyx + y = 1. As describecat Equation(5.13),in orderto emphasize
thecurrentusers preferencesye assignveightlargerthan0.5toy, andweightsmaller
than0.5to x.
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5.3.4 Discussion

In this section,we discusghe experimentalkesultsobtainedusingeachapproachis-
cussedn Section5.3.2. Notethat, in Figures5.5to 5.13,the R-precisionof Google
is constanbecausedt doesnot dependon thewindow size. Table5.1 sumnarizesthe
bestprecisionsbtainedusingthe methodslescribedn Sectionss.2and5.3.3.

In therelevancefeedback-basedserpro le shavnin Figures5.5t0 5.7, we found
thata userpro le that provides searchresultsadaptve to a usercanbe constructed
when a window size with about20 daysis usedregardlessof the numberof feed-
backs.Thebestprecision(46.91%)is obtainedn the caseof thenumberof feedbacks
FB = 2 with 26 dayswindow sizeasshown in Figure5.6 andTable5.1. As men-
tionedin Section5.3.2(a),we usedqueryvectorreformulatedoy relevancefeedback
asaninitial preferencef auser However, we couldnotobsenedsigni cant improve-
mentin precisioneven if the numberof feedbacksncreases.We considerthat this
effectis causedecauseheinitial preferencef a useris absorbedy persistenpref-
erencesonstructedisingthe window size. In addition, it is valid thatwe conducted
experimens by examining the numberof feedbackgrom 1 to 3 sincethe precisionis
notimprovedlargely in thisrange.

In the userpro le basedon purebrowsing history shavn in Figure5.8, we found
thata userpro le that provides searchresultsadaptve to a usercanbe constructed
whena window size with about15 daysis used. In this method,the bestprecision
(48.77%)is obtainedwhena window sizewith 18 daysis used. This approachcan
achieve 1.86%higherprecisioncomparedvith the bestprecision(46.91%)in therel-
evancefeedback-basedser pro les, and the result shavs that the users browsing
historystronglyre ects theusers preferace.

In addition in the userpro le basedon modied collaboratve Itering shavn in
Figures5.9t0 5.13,we foundthatauserpro le thatprovidessearchresultsadaptveto
ausercanbe constructedvhenawindow sizewith about10 daysis utilized. In user
pro le constructiorbasedn the staticnumberof useran the neighborhod 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,
the 5 nearesheighborsof eachuseraretaken. Thereforeasshavn in Figures5.9to
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5.12andTable5.1, we foundthatit is not so effective to adaptsearchresultsto each
userevenif morenearesheighborsareused.In addition, the userpreferencesof not
only a certainuserbut alsoother usersare exploited in this approach.We consider
that this methodobtainedhigher precisionthan the aforementionecgpproaches.In
userpro le constructbn basedon the dynamicnumberof usersin the neighborlmod
describedn Section5.2.2(b-2),we could obtainthe bestprecision(51.34%)in the
caseof using 28 dayswindowsize. As shavn in Figure5.13 and Table 5.1, this is
0.52%higherprecisioncomparedvith the bestprecision(50.82%)in the userpro le
constructio basedon the static numberof usersin the neighborhod describedin
Section5.2.2(b-1). In this method,the neighborhoof eachuseris determinedby
the centroidvectorsof clustersof users,andthe numberof the clustersis different
userby user Thereforewe believe thatthis methodallows eachuserto performmore
ne-grainedsearchcomparedvith the staticmethod.

Thebestprecisionof any of the methodds obtainedwhena is largerthan0.6 and
bislessthan0.4. This shovsthatsearchresultsthatadaptto eachusercanbereturned
by weighting persistenpreferences little largerthanephemerapreferencesMore-
over, thesmallerthe valueof a andthelargerthe valueof b, thelargerthe uctuation
in precision. Therefore,it is dif cult to returnsearchresultsthat adaptto eachuser
whenthe userpro le is constructedoy weightingephemerapreferencesarger than
persistenpreferencesFurthermorethe precisionobtainedby eachof our proposed
methodscanoutperformthe precisionobtainedby Googleasshown in Figures5.5to
5.13andTable5.1.

In ourexperimensfor furtherimprovementdescribedn Section5.3.3,we obtained
the following ndings. As shown in Figure5.15, whenthe value of x is relatively
large andthe valueof y is relatively smallunderthe condition describedat Equation
(5.13), the userpro le focusedon browsing history in todayis constructed.There-
fore,whenthewindow sizeis large,theuserpro le furtherfocusedonthe pasthistory
is constructedand that resultin dif culty with following the currentusers prefer
ences.Thus,we couldnot obtainhigherprecisionthanuserpro le constructio based
on the dynamicnumberof usersin the neighborhod describedn Section5.2.2(b-2).
However, in this case,users preference canbe capturedusingthe small numkber of
windows. Ontheotherhand,whenthevalueof x is relatively smallandthevalueof y
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is relatively large underthe condition describedat Equation(5.13),theuserpro le fo-
cusedonthetoday'scurrentsessions constructedin particular whenthewindow size
is small, the userpro le focusedon the users ephemerapreferencess constructed.
Thereforejt is dif cult to constructuserpro le thatcapturedusers persistenprefer
ences.We considerthatthis is the causeof thelarge uctuation in precisionin small
window size. Futhermorejn this experiment,we could obtainedthe bestprecision
(52.31%)whenthe valuesof x andy are0.129and0.871,respectrely anda widow
sizewith 14 daysis used. The improvementrateis 0.97% comparedwith the best
precision(51.34%)in userpro le constructionusingmodi ed collaboratve Itering
basedon dynamicnumberof usersin the neighborlvod describedn Section5.2.2(b-
2). Thereforejn this casewe believe thatthe userpro le thatappropriatelycaptured
users persistenand ephemerapreferencegsanbe constructedandthat allows each
userto performmuchmore ne-grainedsearchthatadaptto his/herinformationneed.
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Table5.1. Comparisa of thebeg precison obtaired using our proposedmethod.

% best % improvement
precision
Google 36.10
Relevancefeedback-basedserpro le 46.87 +10.77
(FB = 1;a= 0:619b= 0:381;N = 26)
Relevancefeedback-basedserpro le 46.91 +10.81
(FB = 2,a= 0:604b= 0:396 N = 26)
Relevancefeedback-basedserpro le 46.85 +10.75
(FB = 3;a= 0:61Lb= 0:389 N = 28
Purebrowsinghistay-baseduserpro le 48.77 +12.67
(a= 0:617b= 0:383N = 18)
Modi ed collaboratve Itering-baseduserpro le 50.82 +14.72
(static,n = 5;a= 0:622b= 0:378 N = 17)
Modi ed collaboratve Itering-baseduserpro le 48.53 +12.43
(static,n = 10,a= 0:623 b= 0:377N = 17)
Modi ed collaboratve Itering-baseduserpro le 46.38 +10.28
(static,n = 15 a= 0:620b= 0:380 N = 21)
Modi ed collaboratve Itering-baseduserpro le 45.86 +9.76
(static,n = 20;a= 0:624 b= 0:376 N = 23
Modi ed collaboratve Itering-baseduserpro le 51.34 +15.24
(dynamic,a= 0:613 b= 0:387 N = 28
Modi ed collaboratve ltering-baseduserpro le
with detailedanalysisof users browsinghistay in oneday 52.31 +16.21

(dynamic,a= 0:613 b= 0:387x = 0:129y = 0:871 N = 14
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5.4 Condusion of this Chapter

In this chapteyin orderto provide eachuserwith morerelevantinformatian, we pro-
posedseveralapproacheso adaptingsearctresultsaccordingto eachusers needfor
information. Ourapproachs novd in thatit allows eachuserto performa ne-grained
searchwhichis not performedn typical searchenginespy capturingchangesn each
users preferences.We conductedexperimentsin orderto verify the effectiveness
of the approaches(1) relevancefeedbackandimplicit approaches(2) userpro les
basedon pure browsing histay, and (3) userpro les basedon the modi ed collab-
oratve Itering. We evaluatedthe retrieval accurag of theseapproaches.The user
pro le constructecbasedon modi ed collaboratve Itering achieved the bestaccu-
ragy. Thisapproachallows usto constructamoreappropriatauserpro le andperform
a ne-grainedsearchthatis betteradaptedo eachusers preferencs. In the future, if
broadbandetworks spreadwidely, informationis expectedto be providedin a vari-
ety of forms suchasmusic,moviesandsoon. In addition, moreinformatian will be
provided for mobile terminalssuchascellular phonesPDAS, or terminalsin carsfor
Intelligent Transportatn SystemgITS). We believe that the techniqueproposedn
this papercanbe appliedto situatonswhereusersrequiremorerelevantinformation
to satisfytheirinformation needsin futurework, we planto conductexperimens with
agreatemumberof subjectsandattemptto improve our proposedpproacheby using
alongertermof theusers browsing history.
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Chapter 6
Conclusions

In thisthesis,n orderto improveretrieval accurag of Websearchyve studiedmethods
for indexing the contentsof Web pagesmore accuratelyand adaptingsearchresults
accordingo eachusers needfor relevantinformation.

In Chapter2, we rst describedhe framewvork of informationretrieval, andthen
brie y shaved the techniquedor informationretrieval. In Chapter3, we reviewed
relatedwork on Web searchbasedon its hyperlink structuresandWeb searchbased
onusers preferences.

In Chapter4, in orderto addresshe problemof Web searchthataccuratendexing
of Webpagedy consideringheir contentss not performedwe proposedhe follow-
ing threeapproacheso re ning TF-IDF schemefor a target Web pageby usingthe
contentof its hyperlinked neighboringpages:

theapproactreliesonthe contentof all Webpagesatlevelsupto L i, )th in the
backward directionandlevelsup to L (Out)th in the forward directionfrom the

targetpagepg:,

theapproachelieson the centroidvectorsof clustersgeneratedrom Web page
groupscreatedat eachlevel up to L(in)th in the backward directionand each
levelupto L(out)‘h in theforward directionfrom the targetpagepg:,

theapproachelieson the centroidvectorsof clustersgeneratedrom Web page
groupscreatedat levels upto L g, )‘h in the backward directionandlevelsupto
L (in )th in theforwarddirectionfrom the targetpagepiy: .
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We foundthatthe mostaccuratdeaturevectorsof atargetWeb pagecanbe generated
whenwe generatae ned featurevectorsusingeachcentroidvectorsof threeclusters
generatedn a Web pagegroup producedusingall Web pagesat levels up to second
in the backward directionfrom the target pagein the third methodabore. We could
obtained4.92%improvementin precisioncomparedvith TF-IDF scheme-basefda-
turevector Furthermorewhenthis re ned featurevectorof Webpagesareiteratively
usedtheaverageprecisionis furtherincreasedy 0.1%.

In Chapters, in orderto addresghe problemof Web searchthat mostsearchen-
ginescannotprovide searchresultsthat satisfy eachusers needfor information we
proposedthe following two methodsfor adaptingsearchresultsaccordingto each
users needfor relevantinformation

purebrowsing history,
modied collaboratve ltering.

We foundthatmore ne-grainedsearchsystemgshatadaptto a users preferencecan
be achiered by constructng userpro les basedon modi ed collaboratve Itering,
especiallyusingdynamicnumberof usersn the neighborhoodin this casewe could
obtain15.2%improvementin precisioncomparedvith Google.In addition,whenwe
analyzeusersbrowsing historybehaior in moredetail,we couldachieze anadditional
1.1%improvement.

Our proposedapproacheslescribedn this thesiscontribute for indexing a target
Webpagemoreaccuratelyandallowing eachuserto performmore ne-grainedsearch
thatsatisfyhis/herinformationneed.

In futurework, we will addresshefollowing task:

In Chapter4, basedon the experimenal results,we couldinfer thatmoreaccu-
ratefeaturevectorof Web pagescanbe generatedby assignng higherweightto
in-linked pagesatherthanout-linked pagesof a targetpage. Thus,we planto
verify thisinference.

We usedthe K -meansalgorithmin orderto classifythe featuresof in- andout-
linked pagesof a target page. However, we have to setthe numberof clusters
initially in thisalgorithm Thereforewe planto devisesomeclusteringmethods.
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In Section5, we conductedexperimens usingthe browsing history of 20 sub-
jectsfor 30 days. Therefore,we plan to conductexperimentswith a greater
numberof subjectsandattemptto improve our proposedapproacheby usinga
longertermof theusers browsinghistay.

In thisthesis we focusedon Web page hamelytext data.However, in thefuture, if
broadbandhetworksspreadvidely, informationis expectedo beprovidedin avariety
of forms suchasmusic,moviesandsoon. Thereforewe planto extendmethodfor
indexing usinghyperlinked neighboringpagedo othermedia,andalsoplanto extend
themethodfor adaptingsearchresultsto eachusers information needto othermedia.
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Appendx

A Clustering Algorit hm

In this section,we review clusteringalgorithmsusedin this thesis. In the following,
we de ne thesetof N patternsasfollows:

P=fPy;Ps ;PnO; (6.1)

whereP; (i = 1;2; ;N) is eachfeaturevector We denoteeachclusteras C;
(i = 1,2, ). Inadditiion the distancebetweentwo patternsP ; andP ;, andthe
distancébetweerapatternP ; andaclusterC; aredenotedasd(P ;; P ;) andd(P i; C;),
respectrely. Furthermorewe denotethe numberof processegatternsandgenerated
clustersasN P andN C, respectiely.

A.1 K-MeansClustering

1. Initial K patternsarede ned, andeachof thesepatternds regardedasstandard
patternsof clustersC, Ck . In addition, NP andNC aresetto 1 andK,
respectiely.

2. The patternP yp is assignedo a clusterC; whenthe following equationis
satis ed:

d(Pnp;Cj) < d(Pnp; Ci); (6.2)

wherei = 1;2; ;K andi 6 j. Thevalueof NP is increasedby 1. If
NP > N, NP issetto 1.

3. New standargatternp; is computecasfollows:
1 X

N Pi; (6.3)

Pi = N
JPiZCj

whereN; is thetotal numberof patternsassignedo C; .

4. With regardto all clustersjf thenew standargatterncomputedn step3is equal
to the previous standardoattern,all of the stepsare nished. Otherwise return
to step2.
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A.2 K -NearestNeighbor Clustering

1.

N P andN C aresetto 1, respectiely. In addition,ClusterCy ¢ whosestandard
patternis P yp is generated.

. Thedistancede ned by thefollowing equationis computed:

dj = d(P(N P +1) ;Cj): (6.4)

d; thatislessthanthresholdr is sortedn ascendingrdet then,patternP (p 1)
is duplicatelyassignedip to theK " cluster Thevalueof NP isincreasedy 1.

If NP > N, all of thestepsare nished. If NP N, returnto step2.
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