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ABSTRACT
In IR (information retrieval) systemsbasedon the vector space
model,thetf-idf schemeis widely usedto characterizedocuments.
However, in thecaseof documentswith hyperlinkstructuressuch
asWebpages,it is necessaryto developa techniquefor represent-
ing the contentsof Web pagesmoreaccuratelyby exploiting the
contentsof their hyperlinkedneighboringpages.In this paper, we
first proposeseveralapproachesto refining thetf-idf schemefor a
targetWebpageby usingthecontentsof its hyperlinkedneighbor-
ing pages,andthencompareretrieval accuracy of ourproposedap-
proaches.Experimentalresultsshow that,generally, moreaccurate
featurevectorsof a targetWebpagecanbegeneratedin thecaseof
utilizing thecontentsof its hyperlinkedneighboringpagesat levels
up to secondin thebackwarddirectionfrom thetargetpage.

Categoriesand SubjectDescriptors
H.3.1 [Content Analysis and Indexing]: Indexing methods;H.5
[Inf ormation InterfacesandPresentation]: Hypertext/Hypermedia

GeneralTerms
Algorithms,Performance,Experimentation

Keywords
WWW, Informationretrieval, TF-IDF scheme,Hyperlink

1. INTRODUCTION
TheWWW (World Wide Web) is a usefulresourcefor usersto

obtaina greatvarietyof information. Threebillion Webpagesare
the lower boundthat comesfrom the coverageof searchengines
[3], and it is obvious that the numberof Web pagescontinuesto
grow. Therefore,it is getting more and more difficult for users
to find relevant information on the WWW. Under thesecircum-
stances,Websearchenginesareoneof themostpopularmethods
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for finding valuableinformationeffectively, andthey areclassified
into two generationsbasedon their indexing techniques[6]. In the
first-generationsearchenginesdevelopedin theearlystagesof the
Web,only termsincludededin Webpageswereutilizedasindexes.
Therefore,thetraditionaldocumentretrieval techniquewasmerely
appliedto Web pagesearch. However, Web pageshave peculiar
featuressuchashyperlinkstructuresor arein numberstoogreatto
searcheffectively. Consequently, usersarenotsatisfiedwith easeof
useandretrieval accuracy of thesearchenginesbecausesuchfea-
turesof Webpagesarenot exploited in thefirst-generationsearch
engines.

To dealwith theseproblems,in thesecond-generationsearchen-
gines,thehyperlinkstructuresof Webpagesaretakeninto account.
For example,theapproachescalledPageRank[18] andHITS (Hy-
pertext InducedTopic Search)[14] areappliedto Google1 [5] and
the searchengineof the CLEVER project [13], respectively. In
thesealgorithms,weightingWeb pagesbasedon hyperlink struc-
turesachieves higher retrieval accuracy comparedwith the first-
generationsearchengines.However, thesealgorithmshave short-
comingsin that (1) the weight for a Web pageis merelydefined;
and (2) the relativity of contentsamonghyperlinked Web pages
is not considered.Taking thesepointsinto account,Davison [10]
concentratedontextualcontentandshowedthatWebpagesaresig-
inificantly morelikely to berelatedtopically to pagesto whichthey
arelinked. Basedon this finding, his researchgrouphasreleased
the searchengine“Teoma2” that doescontext-sensitive HITS on
thelinesof theCLEVER project.This searchengineusesthecon-
ceptof “Subject-SpecificPopularity[1],” which ranksa sitebased
onthenumberof same-subjectpagesthatreferenceit, not justgen-
eral popularity, to determinea site’s level of authority. However,
the problemof Web pagesirrelevant to a user’s query often be-
ing ranked highly still remains. Hence,in order to provide users
with relevantWebpages,it is necessaryto developa techniquefor
representingthecontentsof Web pagesmoreaccurately. In order
to achieve this purpose,we have proposedsomemethodsfor im-
proving a featurevectorfor a targetWebpage[23]. Our proposed
methods,however, also have a problemin that only Web pages
out-linked from a target Web pageare usedin order to generate
featurevector of the target Web page. SinceWeb pagesusually
hastheir in- andout- linkedpages,in thecaseof generatingmore
accuratefeaturevectorof a Web page,it is necessaryto useboth
its in- andout- linkedpages.Therefore,in this paper, we first pro-
posethreeapproachesto refiningthetf-idf scheme[22] for a target

1http://www.google.com/
2http://www.teoma.com/



Web pageusingboth its in- andout-linked pagesin orderto rep-
resent� thecontentsof the targetWebpagemoreaccurately. Then,
we compareretrieval accuracy of our proposedapproachesusing
the refinedfeaturevector. Our approachis novel in refining tf-idf
basedfeaturevectorsof targetWebpagesby reflectingthecontents
of their hyperlinkedneighboringWebpages.

Theremainderof this paperis organizedasfollows: In Section
2, wereview relatedwork usinghyperlinkstructuresof theWeb. In
Section3, we proposenovel approachesto refiningfeaturevectors
for Web pagesby using their hyperlinked neighboringpages. In
Section4, we presentthe experimentalresultsfor evaluatingour
proposedmethods.Finally, weconcludethepaperwith asummary
anddirectionsfor futurework in Section5.

2. RELATED WORK
Hyperlinkstructuresareoneof thefeaturesof Webpages.Users

cannavigatethehugeWebspaceeasilythroughthishyperlinkstruc-
tures; therefore,many researcheson Web IR have beenfocusing
on the Web’s hyperlink structures.In this section,we review re-
latedwork of IR systemsusingtheWeb’s hyperlinkstructures,es-
pecially the systemsbasedon the conceptof “optimal document
granularity” andthe two mostpopularWeb pageweightingalgo-
rithms,HITSandPageRank.

2.1 IR Systemsbasedon the Conceptof “Op-
timal DocumentGranularity”

With respectto thisresearcharea,wereferto thefollowingworks.
Tajimaet al. [25] presenteda techniquewhich uses“cuts” (results
of Webstructureanalysis)asretrieval unitsfor theWeb. Moreover,
they extendedto ranksearchresultsinvolvedmultiplekeywordsby
(1) finding minimal subgraphsof links andWeb pagesincluding
all keywords;and(2) computingthescoreof eachsubgraphbased
on locality of thekeywordswithin it [24]. Following theseworks,
Li et al. [16] introducedtheconceptof “ informationunit,” which
canberegardedasalogicaldocumentconsisitingof multiplephys-
ical Webpagesasoneatomicretrieval unit, andproposeda novel
framework for documentretrieval by informationunits. However,
theseapproachesrequireconsiderableprocessingtime to analyze
hyperlink structuresandto discover the semanticsof Web pages.
In addition,while thesesystemscanfind retrieval unitsexactly, it
oftenarisesthatthey find retrieval unitsirrelevantto theuserspec-
ified queryterms.As for theseworks,we do not believe thatusers
could understandthe searchresultsintuitively, becausethesesys-
temsreturnthe searchresultswherethe multiple querykeywords
dispersein severalhyperlinkedWebpages.

2.2 HITS Algorithm
Kleinberg [14] originally developedHITS algorithmappliedto

theWebsearchenginein theCLEVERproject[13]. Thisalgorithm
dependson thequeryandconsidersthesetof pages

�
thatpoint to

or areredirectedby pagesin theanswer. Webpagesthathavemany
links pointingto themin

�
arecalledauthorities, while Webpages

thathavemany outgoinglinks arecalledhubs. Thatis to say, better
authoritiescomefrom incomingedgesfrom goodhubsandbetter
hubscomefrom outgoingedgesto goodauthorities.Let ������� and	 ����� be the hub andauthorityscoreof page� . Thesescoresare
definedsuchthatthefollowing equationsaresatisfiedfor all pages� : ��������
 �
������ ����
 	 ������� 	 ������
 �������� ����� ���������
where ��� �!� and

	 ����� arenormalizedfor all Web pages. These

scorescanbedeterminedthroughan iterative algorithm,andthey
convergeto theprincipaleigenvectorof thelink matrix of

�
.

SeveralresearchershaveextendedtheaboveoriginalHITS algo-
rithm. For instance,theARCalgorithmof Chakrabartietal. [8] en-
hancedtheHITS algorithmwith textual analysis.ARC computes
a distance-2neighborhoodgraphandweightsedges.The weight
of eachedgeis basedon the matchbetweenthe querytermsand
the text surroundingthehyperlink in thesourcedocument.In [4],
Bharatet al. introducedadditionalheuristicsto HITS algorithmby
giving a documentan authorityweight of "$#&% if the documentis
in a groupof % documentson a first host which link to a single
documenton a secondhost,anda hubweightof "$#(' if thereare '
links from thedocumenton a first hostto a setof documentson a
secondhost. However, themajorproblemin this techniqueis that
the Web pagesthat the root documentpoint to get the largestau-
thoritiy scoresbecausethehubscoreof therootpagedominatesall
the otherswhena Web pagehasfew in-links but a large number
of out-links, mostof which arenot very relevant to the query. In
orderto solve thisproblem,Li etal. [15] proposedanew weighted
HITS-basedmethodthatassignsappropriateweightsto in-links of
root Web pagesandcombinedcontentanalysiswith HITS-based
algorithm. In addition, Chakrabartiet al. [7, 9] considerednot
merelythetext of Webpagebut alsotheDocumentObjectModel
(DOM) within theHTML. This improveson intermediatework in
the CLEVER project [13] that broke hubs into piecesat logical
HTML boundaries.

2.3 PageRankAlgorithm
PageRanksimulatesausernavigatingrandomlyin theWebwho

jumpsto a randompagewith probability ) , or follows a random
hyperlink with probability "�*+) . It is further assumedthat this
usernever returnsto apreviouslyvisitedpagefollowing analready
traversedhyperlinkbackwards.This processcanbemodeledwith
a Markov chain,from which thestationaryprobabilityof beingin
eachWebpagecanbecomputed.This valueis thenusedasa part
of the rankingmechanismusedby Google[5]. Let ,-��./� be the
numberof outgoinglinks from Webpage. andsupposethatWeb
pages�10 to ��2 point to the Web page . . Then, the PageRank,354 ��.�� of . is definedas:354 ��./��
6)�7+�8"9*:)�� 2� ; < 0 354 ��� ; �,-��� ; � �
wherethevalueof ) is empiricallysetto about0.15-0.2by thesys-
tem.Theweightsof otherWebpagesarenormalizedby thenumber
of links in theWebpage.PageRankcanbecomputedusinganiter-
ativealgorithm,andcorrespondsto theprincipaleigenvectorof the
normalizedlink matrix of theWeb. Themajorproblemsof this al-
gorithmarethat(1) thecontentsof Webpagesarenotanalyzed,so
the“importance”of a givenWebpageis independentof thequery;
and(2) specificfamousWeb sitestendto be ranked morehighly.
To yield moreaccuratesearchresults,Rafiei et al. [20] proposed
usingthesetof Webpagesthatcontainsometermsasabiassetfor
influencingthePageRankcomputation,with thegoalof returning
termsfor which a given pagehasa high reputation.Furthermore,
Haveliwala[11] proposedcomputinga setof PageRankvectorsto
capturemoreaccuratelythenotionof importancewith respectto a
particulartopic.

3. PROPOSEDMETHOD
As wedescribedin Section2.1,theIR systemsbasedonthecon-

ceptof “optimal documentgranularity”havea problem,in thatthe
searchresultsareincomprehensiblefor users.Moreover, HITS [14]



andPageRank[5] alsohave problems: (1) the weight for a Web
pageis merely defined;and (2) the relativity of contentsamong
hyperlinkedWebpagesis not considered.

Onthebasisof theseproblems,thefeaturevectorof a Webpage
shouldbegeneratedby usingthecontentsof its hyperlinkedneigh-
boringpagesin orderto representthecontentsof Webpagesmore
accurately. We, therefore,proposerefining the tf-idf schemefor a
targetWebpageby usingthecontentsof its hyperlinkedneighbor-
ing pages.Unlike researchesdescribedin theprevioussection,our
approachis novel in refining tf-idf basedfeaturevectorof a target
Web pageby reflectingthe contentsof its hyperlinked neighbor-
ing Webpages.Ourapproachis query-independent,andlink-based
computationsareperformedoffline aswell asPageRankalgorithm.
At querytime,we only computethesimilarity betweentherefined
featurevectoranduserspecifiedquery. Therefore,thequery-time
costsarenot muchgreaterthanHITS algorithmwhosequery-time
costsdependson thequery.

In the following discussion,let a targetpagebe ��= >?= . Then,we
define@ asthenumberof theshortestdirectedpathfrom � = >?= . Let
usassumethat thereare A ;

Webpages(� ;CB �D� ; E �GFHFGF/�D� ;�I�J
) in the@ =LK level from � =�>(= . Moreover, we denotethefeaturevector M �GN�O8N

of � = >?= asfollows:M �HN�O8N 
P��Q � N�O8N= B �DQ � N�O8N= E �GFGFRF1�DQ � N�O�N=�S ��� (1)

whereT is thenumberof uniquetermsin theWebpagecollection,
and UGVW��%X
Y"$�GZ$�RFGFGF/�[T\� denotestheeachterm. Using the tf-idf
scheme,wealsodefinetheeachelementQ �HN�O8N=^] of M �HN�O8N

asfollows:Q � N�O8N=^] 
 UG_���U V �[��=�>(=[�`bac < 0 UH_���U c �D��= >?=D� F(dfe&g Aih1j8k)R_���UHVW� � (2)

where UH_���U V �D� = >?= � is the frequency of term U V in the target page� =�>?= , Aih1j8k is thetotal numberof Webpagesin thecollection,and)R_���U V � is thenumberof Webpagesin which term U V appears.Be-
low, wereferto M � N�O8N

asthe“ initial featurevector.” Subsequently,
we denotetherefinedfeaturevector Mml � N�O8N asfollows:M l � N�O8N 
P� Q l �GN�O8N= B �DQ l �GN�O�N= E �RFGFHF1�^Q l �GN�O8N= S ���
andreferto this Mml � N�O8N asthe“ refinedfeaturevector.” In thispaper,
we proposethreeapproachesto refiningthe“initial featurevector”
basedon thetf-idf schemedefinedby Equation(2) asfollows:

Method I theapproachrelieson thecontentsof all Webpagesat lev-
elsup to npo ; 2�q =CK in thebackwarddirectionandlevelsup ton osr 
 = q =CK in theforwarddirectionfrom thetargetpage� = >?= ,

Method II the approachrelieson the centroidvectorsof clustersgen-
eratedfrom Web pagegroupscreatedat eachlevel up tonpo ; 2�q =CK in thebackwarddirectionandeachlevelupto ntofr 
 = q =CK
in theforwarddirectionfrom thetargetpage��=�>(= ,

Method III theapproachrelieson thecentroidvectorsof clustersgener-
atedfrom Web pagegroupscreatedat levels up to nto ; 2�q =CK
in the backward direction and levels up to ntofr 
 = q =CK in the
forwarddirectionfrom thetargetpage��= >?= .

Method I
In this approach,we reflectthecontentsof all Webpagesat levels
upto npo ; 2�q =LK in thebackwarddirectionandlevelsupto ntosr 
 = q =CK in
theforwarddirectionfrom thetargetpage��=�>?= . Basedon theideas
that (1) thereareWebpagessimilar to the contentsof ��=�>(= in the
neighborhoodWebpagesof ��=�>(= ; and(2) sinceon onehandsuch
Webpagesexist right near��= >?= , on theotherhandthey might exist
far removed from ��= >?= in the vectorspace,we reflectthedistance
betweenM � N�O�N

and featurevectorof in- andout-linked pagesof

� = >?= in the vectorspaceon eachelementof initial featurevectorM � N�O8N
. For example,Figure1(a)shows that M l � N�O�N is generatedby

reflectingthe contentsof all Web pagesat levels up to secondin
thebackwardandforwarddirectionsfrom � = >?= on M � N�O�N

. In Figure
1(a), � ;fu�v Jsw?x

and� ;yu�vszD{ N x correspondto the | =CK pagein the @ =LK level
in thebackwardandforwarddirectionsfrom � =�>(= , respectively. In
addition, Figure 1(b) shows that refinedfeaturevector M l � N�O8N

is
generatedby reflectingeachfeaturevector of in- and out-linked
pagesof � = >?= on theinitial featurevector M �HN�O8N

. In this approach,
eachelementQ l � N�O8N=^] of M l � N�O8N is definedasfollows:} l � N�O8N=^] ~ } � N�O8N=^]� ��-��� ����� v J�w(x� ; < 0 � J v J�w(x�u�< 0 } � Jf� v Jsw?x=C]� ���&�L� �GN�O�NG� � � Jf� v Jsw?x��G����� ��-��� ��� � vszD{ N x� ; < 0 � J vszD{ N x�u(< 0 } � Jf� vszD{ N x= ]� ���&�L� � N�O8N � � � Jf� vszD{ N x � � ���� (3)

Equation(3) shows that the productof Q � Jy� v J�w(x=^] (weight of termU V in Webpage� ;yu�v J�w?x
) andthereciprocalof )�@R�H�DM � N�O�N ��M � Jf� v J�w?x �

(thedistancebetweenM �GN�O8N
and M � Jy� v J�w(x

in thevectorspace),and

similarly, theproductof Q � Jf� vszD{ N x= ] (weightof term U V in Webpage� ;yu�vszD{ N x ) andthereciprocalof )�@?�H�[M � N�O8N �(M � Jf� vszD{ N x � (thedistance

betweenM � N�O8N
and M � Jf� vszD{ N x

in thevectorspace)is addedto Q � N�O�N=C]
(weightof term U V in ��= >?= , computedby Equation(2)) with respect
to all Webpagesat levelsup to nto ; 2�q =CK in thebackwarddirection
andlevelsup to n ofr 
 = q =CK in theforwarddirectionfrom � = >?= . If the
distancebetweenM �GN�O�N

andM � Jy� v J�w(x �(M � Jy� vszD{ N x
in thevectorspace

is very close,thevaluesof thesecondandthird termsof Equation
(3) canbe dominantcomparedwith the first term Q � N�O8N= ] . There-
fore, in order to prevent this phenomenon,we also define ��@^T ,
whichdenotesthenumberof uniquetermsin theWebpagecollec-
tion. )�@R�H�DM �GN�O8N �(M � Jy� v J�w(x � and )�@?�H�[M �GN�O8N �?M � Jy� vszD{ N x � aredefined
thefollowing equations,respectively:)�@R�H�DM � N�O�N ��M � Jf� v J�w?x ��
 ���� a� V < 0 ��Q �GN�O8N=^] *:Q � Jf� v J�w?x=^] ���H�

)�@R�H�DM � N�O�N ��M � Jf� vszD{ N x ��
 ���� a� V < 0 ��Q �GN�O8N=^] *�Q � Jy� vszD{ N x=^] � �H 
Method II
In thisapproach,wefirst constructWebpagegroups¡ ; v J�w(x

ateach

level up to nto ; 2�q =CK in thebackwarddirection,and ¡ ;LvszD{ N x at each

level up to n ofr 
 = q =CK in the forward directionfrom the target page� = >?= . Then,we generateM l � N�O8N by reflectingcentroidvectorsof
clustersgeneratedfrom ¡ ;Lv J�w(x

and ¡ ;CvszD{ N x on initial featurevectorM �HN�O8N
. This approachis basedon the ideathatWebpagesat each

level in thebackwardandforwarddirectionsfrom ��=�>(= is classified
into sometopicsin theeachlevel. In addition,we reflectthe dis-
tancebetweenM � N�O8N

andthecentroidvectorsof theclustersin the
vectorspaceon eachelementof theinitial featurevector M �HN�O8N

. In
otherwords,we first createWeb pagegroups ¡ ;Cv Jsw?x

and ¡ ;LvszD{ N x
definedasfollows:¡ ;Lv J�w?x 
P¢(� ; 0 v J�w?x �[� ; � v Jsw?x �GFGFGF/�D� ; � J v J�w(x�£ � (4)¡ ;LvszD{ N x 
P¢(� ; 0 vszD{ N x �D� ; � vszD{ N x �GFGFGF/�D� ; � J vszD{ N x�£ � (5)� @¤
¥"$�GZ$�RFGFGF/�[n¦���
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Figure1: The refinementof a feature vector asperformed by Method I [(a) in the Webspace,(b) in the vector space].
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Figure2: The refinementof a featurevector asperformed by Method II [(a) in the Webspace,(b) in the vector space].

andthenproduce¬ clustersin eachWeb pagegroup ¡ ;Lv J�w?x
and¡ ; vszD{ N x by meansof the ¬ -meansalgorithm [17]. The centroid

vectorsM > J�­ v Jsw?x
and M > J�­ vszD{ N x ��®�
¯"$�GZ$�RFGFHF��[¬�� areproducedin¡ ; v J�w(x

and ¡ ; vszD{ N x , respectively. Wegeneratearefinedfeaturevec-
tor M l �HN�O8N by reflectingthedistancebetweeneachcentroidvector,M > J ­ v Jsw?x

, M > J�­ vszD{ N x
andthe initial featurevector M � N�O8N

on M � N�O8N
.

For instance,Figure2(a)shows thatweconstructWebpagegroups¡t0 v Jsw?x �G¡ � v J�w(x , ¡t0 vszD{ N x , and ¡ � vszD{ N x at eachlevel up to second
in the backward and forward directionsfrom � =�>(= , and generate
a refinedfeaturevector M l � N�O8N by reflectingthe centroidvectors
of eachclusterproducedin eachWebpagegroup ¡ 0 v Jsw?x �H¡ � v J�w(x ,¡t0 vszD{ N x , and ¡ � vszD{ N x , on M �HN�O8N

. Moreover, Figure2(b) shows that
refined featurevector M l � N�O8N is generatedby reflectingcentroid
vectorsof eachclusteron M � N�O8N

. In this approach,we defineeach
elementQ l �GN�O8N=^] of M l �GN�O�N asfollows:Q l �GN�O�N=^] 
 Q �GN�O�N=C]7 "��@^T °± � v Jsw?x� ;�< 0 ²� ³ < 0 Q > J�­ v Jsw?x= ])$@R�H�[M �HN�O8N �(M > J ­ v Jsw?x � ´µ

7 "��@^T °± � vszD{ N x� ;�< 0 ²� ³ < 0 Q > J ­ vszD{ N x=^])�@R�H�DM � N�O�N ��M > J ­ vszD{ N x � ´µ   (6)

Equation(6) shows thattheproductof Q > J�­ v J�w?x= ] (weightof term U V
in centroidvector M > J ­ v Jsw?x

of cluster ® constructedfrom ¡ ; v J�w(x
)

and the reciprocalof )�@?�H�[M � N�O8N �(M > J�­ v Jsw?x � (the distancebetweenM �HN�O8N
and M > J�­ v Jsw?x

in thevectorspace),andsimilarly, theproduct

of Q > J�­ vszD{ N x= ] (weightof term U V in centroidvector M > J�­ vszD{ N x
of clus-

ter ® constructedfrom ¡ ;LvszD{ N x ) andthereciprocalof )$@R�H�[M � N�O8N �?M > J ­ vszD{ N x �
(thedistancebetweenM � N�O8N

and M > J ­ vszD{ N x
in thevectorspace)are

addedto Q � N�O8N= ] (weightof term U V in ��= >?= , computedby Equation
(2)) with respectto all centroidvectorsconstructedateachlevel up
to n o ; 2�q =LK in thebackwarddirectionandeachlevel up to n osr 
 = q =LK
in theforwarddirectionfrom � =�>?= . In addition,we introduce��@^T
for the purposeof preventing the valuesof the secondand third
termsfrom dominatingcomparedwith the first term in Equation
(6). )�@?�H�[M � N�O8N �(M > J�­ v Jsw?x � and )�@R�H�DM � N�O�N ��M > J ­ vszD{ N x � are defined
asfollows:

)�@R�H�DM � N�O8N �(M > J�­ v J�w?x ��
 ���� a� V < 0 ��Q � N�O8N= ] *:Q > J ­ v J�w?x= ] � � �
)�@R�H�DM �GN�O8N �(M > J�­ vszD{ N x ��
 ���� a� V < 0 ��Q � N�O8N= ] *�Q > J�­ vszD{ N x= ] � �  



Method III
This approachis basedon the ideathatWebpagesat levelsup ton o ; 2�q =LK in thebackwarddirectionandlevelsup to n osr 
 = q =LK in the
forward directionfrom the target page� =�>(= is composedof some
topics. Accordingto this idea,we clusterthesetof all Webpages
at levels up to n o ; 2�q =LK in the backward directionandlevels up ton osr 
 = q =LK in the forward directionfrom ��=�>?= , andgenerateMml � N�O8N
by reflectingcentroidvectorsof the clusterson the initial feature
vector M � N�O�N

. Furthermore,we reflectthedistancebetweenM � N�O8N
andthecentroidvectorof theclusterin thevectorspaceoneachel-
ementof M � N�O8N

; in otherwords,wecreateWebpagegroups¡ ;Cv Jsw?x
and ¡ ; vszD{ N x asdefinedby Equation(7) and(8), respectively,¡ ;Cv Jsw?x 
P¢(�/0�0 v J�w?x �D�/0 � v J�w?x �GFHFRF1�D�/0 � B v Jsw?x �� � 0 v J�w?x �D� ��� v J�w?x �GFHFRF1�D� � � E v Jsw?x �� ; 0 v J�w?x �^� ; � v Jsw?x �GFHFGF/�D� ; � J v J�w(x £ � (7)¡ ;CvszD{ N x 
P¢(� 0�0 vszD{ N x �D� 0 � vszD{ N x �GFHFGF/�D� 0 � B vszD{ N x �� � 0 vszD{ N x �D� ��� vszD{ N x �GFHFGF/�D� � � E vszD{ N x �� ; 0 vszD{ N x �D� ; � vszD{ N x �GFHFGF/�D� ; � J vszD{ N x £ � (8)��@¶
¥"$�RZ$�GFGFGF/�Dn¦���
andproduce¬ clustersin ¡ ;Cv Jsw?x

and ¡ ;LvszD{ N x by meansof the ¬ -

meansalgorithm.ThecentroidvectorsM > ­ v Jsw?x
and M > ­ vszD{ N x � ®�
"$�RZ$�GFHFRFD¬�� areproducedin ¡ ;Lv J�w?x

and ¡ ;CvszD{ N x , respectively. Then,
wegeneraterefinedfeaturevector M l �GN�O�N by reflectingthedistance
betweeneachcentroidvector M > ­ v Jsw?x

, M > ­ vszD{ N x ��®5
¥"$�GZ$�RFGFHF/�D¬��
andinitial featurevector M � N�O8N

on M � N�O8N
. For instance,Figure3(a)

shows that we constructWeb pagegroups ¡ � v J�w?x and ¡ � vszD{ N x at
levels up to secondin the backward and forward directionsfrom� =�>?= , andgeneraterefinedfeaturevector M l �GN�O�N by reflectingthe
centroidvectorsof clustersproducedin Web pagegroup ¡ � v Jsw?x
and ¡ � vszD{ N x on theinitial featurevector M �GN�O�N

. Furthermore,Fig-
ure3(b)showsthatrefinedfeaturevectorM l �HN�O8N is generatedby re-
flectingcentroidvectorsof eachclusterontheinitial featurevectorM �GN�O8N

. In this approach,eachelementQ l � N�O8N= ] of M l �GN�O�N is defined
asfollows:Q l � N�O8N= ] 
 Q � N�O8N= ]7 "�i@CT · ²� ³ < 0 Q > ­ v J�w?x= ])$@R�H�[M � N�O�N ��M > ­ v J�w(x �W¸7 "�i@CT · ²� ³ < 0 Q > ­ vszD{ N x=^])$@R�H�[M �GN�O�N ��M > ­ vszD{ N x �W¸   (9)

Equation(9) shows that theproductof Q > ­ v J�w?x=^] (weightof term U V
in centroidvector M > ­ v J�w?x

of cluster® generatedfrom ¡ ;Lv J�w(x
) and

thereciprocalof )�@?�H�[M �GN�O8N �(M > ­ v Jsw?x � (thedistancebetweenM �GN�O8N
and M > ­ v Jsw?x

in the vectorspace),andsimilarly the productof el-

ementQ > ­ vszD{ N x= ] (weight of term U V in centroidvector M > ­ vszD{ N x
of

cluster® generatedfrom ¡ ;CvszD{ N x ) andthereciprocalof)$@R�H�[M � N�O8N �(M > ­ vszD{ N x � (the distancebetweenM � N�O8N
and M > ­ vszD{ N x

in thevectorspace)areaddedto Q � N�O�N= ] (weightof term U V in � = >?=
computedby Equation(2)), with respectto the numberof clus-
ters ¬ . As mentionedin Method I and II, in order to prevent
the valueof the secondandthird termsof equation(9) from be-
comingdominantcomparedwith the original term weight Q � N�O8N= ] ,
we introduce�i@CT , which denotesthenumberof uniquetermsin
theWebpagecollection. We alsodefine)�@R�H�DM � N�O�N ��M > ­ v J�w(x � and

)�@?�H�[M � N�O8N �(M > ­ vszD{ N x � asfollows:)�@?�H�[M � N�O8N �(M > ­ v J�w?x ��
 ���� a� V < 0 ��Q � N�O8N=^] *:Q > ­ v J�w(x=^] � � � (10)

)�@?�H�[M � N�O8N �(M > ­ vszD{ N x ��
 ���� a� V < 0 ��Q � N�O8N= ] *�Q > ­ vszD{ N x= ] � �G  (11)

4. EXPERIMENT

4.1 Experimental Setup
We conductedexperimentsin orderto verify theretrieval accu-

racy of our threeapproachesdescribedin Section3. They were
implementedusingPerlon a workstation(CPU:UltraSparc-II480
MHz ¹ 4, Memory: 2 GBytes,OS:Solaris8), andtheexperiments
wereconductedusingtheTRECWT10gtestcollection[12], which
containsabout1.69 million Web pages. Stopwords wereelimi-
natedfrom all Webpagesin thecollectionbasedon thestopword
list3 andstemmingwasperformedusingPorterStemmer4 [19]. We
formulatedqueryvector º usingthe termsincludedin the “title”
field in Topicsfrom 451to 500attheTRECWT10gtestcollection.
This queryvector º is denotedasfollows:º»
¼��½ = B �^½ = E �GFGFGF/�D½ =LS ��� (12)

whereT is thenumberof uniquetermsin theWebpagecollection,
andUHVW��%�
¼"$�?Z$�HFRFGF1�^T\� denotestheeachterm.Eachelement½$= ]
of º is definedasfollows:½ =^] 
¿¾WÀ  yÁ 7 À  yÁ FWÂp_���U V �`bac < 0 Â5_!��U c �&Ã F(dfe&g Aih1j8k)R_���UHVW� (13)��%m
¥"$�RZ$�GFGFGF/�DTÄ�
where Â5_!��UGVW���DA h1j8k , and )R_���UHVW� is thenumberof index termsUGV ,
thetotal numberof Webpagesin thetestcollection,andthenum-
ber of Web pagesin which the term UHV appears,respectively. As
reportedin [21], Equation(13) is the elementof a query vector
thatbringsthe bestsearchresult. We thencomputethesimilarity�8@CT\�DM l �GN�O8N �Rºi� betweenrefinedfeaturevector M l �GN�O8N andquery
vector º . The �8@CTÄ�[M l � N�O8N �RºÅ� is definedasfollows:�8@CTÄ�[M l � N�O8N �Rºi�Æ
 Mml � N�O�N F&ºÇ M l �GN�O8N Ç F Ç º Ç   (14)

Basedon thevalueof �8@^TÄ�[M l �GN�O�N �?ºÅ� , we evaluateretrieval accu-
racy using“precisionat11standardrecalllevels” describedin [26,
2].

4.2 Experimental Results
Method I
Wegeneratedrefinedfeaturevector M l �GN�O�N for initial featurevectorM � N�O8N

of targetpage� = >?= with respectto thefollowing threecases:

(MI-a) wherethe contentsof all Webpagesat levels up to n o ; 2�q =LK
in only thebackwarddirectionfrom ��= >?= reflectontheinitial
featurevector M �GN�O8N

,

(MI-b) wherethecontentsof all Webpagesat levelsup to n osr 
 = q =LK
in just the forward directionfrom � =�>(= reflecton the initial
featurevector M � N�O8N

,

3ftp://ftp.cs.cornell.edu/pub/smart/english.stop
4http://www.tartarus.org/%7Emartin/PorterStemmer/
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Figure3: The refinementof a feature vector asperformed by Method III [(a) in the Webspace,(b) in the vector space].

(MI-c) where the contentsof all Web pagesat levels both up ton o ; 2�q =CK in thebackwarddirectionandup to n osr 
 = q =LK in the
forwarddirectionfrom � = >?= reflecton theinitial featurevec-
tor M � N�O8N

.

Using theserefinedfeaturevectors,we verified the retrieval accu-
racy. Figure4 shows the experimentalresultsof (MI-a), (MI-b),
and (MI-c). In thesefigures,the valueof npo ; 2�q and nposr 
 = q rep-
resentsthemaximumvalueof @ , which denotesthenumberof the
shortestdirectedpathfrom � =�>(= asFigure1(a)illustrates.As shown
in (MI-a) and(MI-b), we found that we cannot obtainmuchim-
provementin retrieval accuracy comparedwith the tf-idf scheme
whenusingonly in-linked pagesor only out-linked pagesof the
target page��=�>(= . In Figure4(MI-a) and (MI-b), the averageim-
provementratio is +0.02 comparedwith the tf-idf scheme. On
the other hand, in the caseof reflectingthe contentsof all Web
pagesup to first in thebackwardandforwarddirectionsfrom � = >?=
on M � N�O8N

, asFigure4(MI-c) shows,we canobtainslight improve-
ment in retrieval accuracy (only +0.007improvement). However,
Figure4(MI-c) illustratesthat, whenreflectingthe contentsof all
Webpagesat levelsup to secondor third in thebackwardandfor-
warddirectionsfrom � = >?= on M � N�O8N

, we canobtainmuchbetterre-
trieval accuracy comparedwith the tf-idf scheme(+0.028,+0.029
improvement,respectively). Therefore,in general,we found that
we cangeneratea moreaccuratefeaturevectorof Webpageby re-
flectingthecontentsof all Webpagesat levelsupto at leastsecond
in thebackwardandforwarddirectionsfrom thetargetpage� = >?= .
Method II
Wegeneratedrefinedfeaturevector Mml � N�O8N for initial featurevectorM �GN�O8N

of targetpage� =�>?= with respectto thefollowing threecases:

(MII-a) wherethecentroidvectorsof clustersgeneratedby thegroup
of Webpagesateachlevelupto n o ; 2�q =LK in only thebackward
directionfrom � = >?= reflectontheinitial featurevector M �GN�O8N

,

(MII-b) wherethecentroidvectorsof clustersgeneratedby thegroup
of Webpagesateachlevel up to n osr 
 = q =CK in just theforward
directionfrom � = >?= reflectontheinitial featurevector M � N�O8N

,

(MII-c) wherethecentroidvectorsof clustersgeneratedby thegroup
of Webpagesateachlevelbothupto npo ; 2�q =CK in thebackward
direction andup to n osr 
 = q =CK in the forward direction from��= >?= reflecton theinitial featurevector M � N�O8N

.

We thenconductedexperimentsto verify theretrieval accaracy us-
ing theserefinedfeaturevectors.Figures5, 6 and7 show theex-
perimentalresultsof (MII-a), (MII-b), and(MII-c), respectively. In
thesefigures,the valueof ¬ meansthe numberof clusterspro-
ducedby Webpagegroupsdenotedby Equation(4), and(5).

In regardto (MII-a), we couldobtainthebestretrieval accuracy
whenwegeneratedarefinedfeaturevectorthatconsideredthecon-
tentsof Webpagesateachlevel upto first in thebackwarddirection
from ��=�>(= , comparedwith the tf-idf scheme(Figure5, n o ; 2�q 
»" ,
+0.027improvement). However, we could not obtainnotablere-
trieval accuracy when we generateda refinedfeaturevector that
consideredthe contentsof Web pagesat eachlevel up to second
(Figure5, npo ; 2�q 
ËZ ) or third (Figure5, npo ; 2�q 
ÍÌ ) in theback-
ward direction from a ��= >?= , comparedwith the tf-idf scheme(at
best,+0.011,+0.018improvement,respectively).

Regarding(MII-b), aswell as(MII-a), we couldobtainthebest
retrieval accuracy whenwe generateda refinedfeaturevectorthat
consideredthecontentsof Webpagesateachlevel up to first in the
forwarddirectionfrom � = >?= , comparedwith thetf-idf scheme(Fig-
ure 6, nposr 
 = q 
Í" , +0.024improvement).However, like (MII-a),
we couldnot obtainnotableretrieval accuracy whenwe generated
a refinedfeaturevectorthatconsideredthecontentsof Webpages
at eachlevel up to second(Figure6, n osr 
 = q 
ÎZ ) or third (Figure
6, n osr 
 = q 
ÏÌ ) in theforwarddirectionfrom � =�>(= (at best,+0.020,
+0.016improvement,respectively).

Furthermore,regarding(MII-c), just aswith (MII-a) and(MII-
b), we could obtain the best retrieval accuracy when we gener-
ateda refinedfeaturevector that consideredthe contentsof Web
pagesat eachlevel up to first in the backward and forward di-
rectionsfrom ��=�>(= , comparedwith the tf-idf scheme(Figure 7,npo ; 2�q 
Ð"$�[nposr 
 = q 
Ð" , +0.024improvement). However, just as
with (MII-a) and(MII-b), neithercould we obtainremarkablere-
trieval accuracy when we generateda refinedfeaturevector that
consideredthe contentsof Web pagesat eachlevel up to second
(Figure7, n o ; 2�q 
¼Z$�^n osr 
 = q 
¼Z , at best,+0.012improvement)or
third (Figure7, npo ; 2�q 
YÌ$�[nposr 
 = q 
YÌ , at best,+0.012improve-
ment)in thebackwardandforwarddirectionsfrom ��=�>(= .

Basedon the findingsdescribedabove, we found that,with re-
gardto thecontentsof Webpage,thereis strongsimilarity between
the featurevectorof the target page� = >?= and the centroidvector
generatedby Webpagegroupsat eachlevel up to first in theback-
ward andforward directionsfrom ��=�>(= . However, we also found
that similarity betweenthe featurevectorof � =�>(= andthe centroid



vectorgeneratedby thegroupof Webpagesateachlevel from � = >?=
reducesÑ asthevalueof @ , whichdenotesthenumberof theshortest
directedpathfrom � = >?= , increases.

Method III
We generatedrefinedfeaturevector for target page� = >?= with re-
spectto thefollowing threecases:

(MIII-a) wherethecentroidvectorsof clustersgeneratedby thegroup
of all Webpagesat levelsup to npo ; 2�q =CK in thebackwarddi-
rectionfrom ��= >?= reflecton theinitial featurevector M �GN�O8N

,

(MIII-b) wherethecentroidvectorsof clustersgeneratedby thegroup
of all Web pagesat levelsup to ntofr 
 = q =CK in the forward di-
rectionfrom ��= >?= reflecton theinitial featurevector M � N�O8N

,

(MIII-c) wherethecentroidvectorsof clustersgeneratedby thegroup
of all Web pagesat levels up to n o ; 2�q =CK in the backward
directionandlevels up to n osr 
 = q =LK in the forward direction
from � = >?= reflecton theinitial featurevector M �GN�O8N

.

We thenconductedexperimentsto verify theretrieval accuracy us-
ing theseimprovedfeaturevectors.Figures8, 9, and10 show the
experimentalresultsof (MIII-a), (MIII-b), and (MIII-c), respec-
tively. In thesefigures,the valueof ¬ representsthe numberof
clustersgeneratedby Web pagegroupsdenotedby Equation(7),
and(8).

Regarding(MIII-a), in comparisonwith the tf-idf scheme,we
could obtain the bestretrieval accuracy whenwe generateda re-
fined featurevector that consideredthe contentsof Web pagesat
levelsup to secondin thebackwarddirectionfrom � = >?= (Figure8,n o ; 2�q 
ÒZ , +0.032improvement). Furthermore,when the Web
pagegroupswereproducedfrom all Webpagesat levelsup to sec-
ond (Figure8, npo ; 2�q 
¿Z ) or third (Figure8, npo ; 2�q 
ÓÌ ) in the
backward direction from � =�>?= , we could obtain the bestretrieval
accuracy asthevalueof ¬ equaledthree. We infer from this fact
thattopicsof Webpagethatpoint to thetargetpage��=�>(= aregener-
ally composedof threetopics.

In regardto (MIII-b), wecouldobtainthebestretrieval accuracy
whenwegeneratedarefinedfeaturevectorthatconsideredthecon-
tentsof all Webpagesatlevelsupto secondin theforwarddirection
from � =�>?= , comparedwith thetf-idf scheme(Figure9, n osr 
 = q 
¯Z ,
+0.028improvement).In addition,in thecaseof (MIII-b), wecould
obtainthebestretrievalaccuracy whenthevalueof ¬ equaledthree
in any casewherenposr 
 = q 
¥"$�[nposr 
 = q 
PZ$�^nposr 
 = q 
PÌ . Wecanin-
fer from this factthattopicsof Webpagesthatwe canfollow from� =�>?= is oftencomposedof threetopics.

Finally, in regardto (MIII-c), the bestretrieval accuracy is ob-
tainedwhenwe generateda refinedfeaturevectorthatconsidered
the contentsof all Web pagesat levels up to secondin the back-
ward and forward directionsfrom ��=�>(= , comparedwith the tf-idf
scheme(Figure 10, npo ; 2�q 
ÔZ$�^ntofr 
 = q 
ÔZ , +0.026 improve-
ment). Furthermore,in any casewhere[ n o ; 2�q 
Y"$�Dn osr 
 = q 
Y" ],
[ nto ; 2�q 
ËZ$�[nposr 
 = q 
ËZ ], [ nto ; 2�q 
ÍÌ$�^nposr 
 = q 
ÍÌ ], we couldob-
tain thebestretrieval accuracy whenthevalueof ¬ equaledthree.
Therefore,hyperlinkedWebpagesin theneighborhoodof a target
pagetendto haveaboutthreetopics.

As we describedabove, the bestretrieval accuracy is obtained
whenwe generaterefinedfeaturevectorsconsideringthecontents
of all Webpagesat levels up to secondin thebackward direction
from � =�>?= in (MIII-a), andconsideringthecontentsof all Webpages
at levelsup to secondin the forwarddirectionfrom ��=�>(= in (MIII-
b). Therefore,we caninfer that the resultin (MIII-c) is theeffect
obtainedby merging thebestresultsof (MIII-a) and(MIII-b).

4.3 Summary of Experimental Results
In summary, Figure11 illustratesthecomparisonof thebestre-

trieval accuracy obtainedusingtheMethodI, II, andIII described
in theprevious section.Accordingto theseresults,we found that
we couldobtainthebestretrieval accuracy in comparisonwith the
tf-idf scheme,in the caseof generatingrefinedfeaturevectorby
creatinga group of all Web pagesat levels up to secondin the
backward direction from � = >?= and producingthreeclustersfrom
thegroupin MethodIII. In addition,Figure11 shows that, in any
caseof MethodI, II, andIII, thebestretrieval accuracy is obtained
usingthecontentsof in-linkedpagesof a targetpage.Therefore,it
is assumedthatmoreaccuratefeaturevectorsof Webpagescanbe
generatedby assigninghigherweightto in-linkedpagesratherthan
out-linkedpagesof a targetpage.
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Figure 11: Comparison of the best search accuracy obtained
usingeachMethod I, II and III.

5. CONCLUSION
In this paper, in order to representthe contentsof Web pages

moreaccurately, weproposedthreeapproachesto refiningthetf-idf
schemefor Webpagesusingtheir hyperlinkedneighboringpages.
Our approachis novel in refiningthetf-idf basedfeaturevectorof
targetWebpageby reflectingthecontentsof its hyperlinkedneigh-
boringpages.Then,we conductedexperimentswith regardto the
following threeapproaches:Õ theapproachrelieson thecontentsof all Webpagesat lev-

elsup to npo ; 2�q =LK in thebackwarddirectionandlevelsup ton osr 
 = q =CK in theforwarddirectionfrom thetargetpage� =�>(= ,Õ the approachrelieson the centroidvectorsof clustersgen-
eratedfrom Web pagegroupscreatedat eachlevel up ton o ; 2�q =CK in thebackwarddirectionandeachlevelupto n osr 
 = q =LK
in theforwarddirectionfrom thetargetpage� = >?= ,Õ theapproachrelieson thecentroidvectorsof clustersgener-
atedfrom Web pagegroupscreatedat levels up to n o ; 2�q =LK
in thebackwarddirectionandlevelsup to n o ; 2�q =LK in thefor-
warddirectionfrom thetargetpage� = >?= ,

andevaluatedretrieval accuracy of refinedfeaturevectorobtained
from eachapproachusingrecallprecisioncurves.RegardingMethod
I, we cangeneratea moreaccuratefeaturevectorof Webpageby
utilizing thecontentsof all Webpagesat levelsup to at leastsec-
ond in the backward andforward directionsfrom the target page� = >?= . In thecaseof MethodII, we found that thereis strongsim-
ilarity betweenthe featurevectorof the target page��=�>(= andthe
centroidvectorgeneratedby thegroupof Webpagesat eachlevel
up to first in the backward andforward directionsfrom ��= >?= . On



the otherhand,the similarity between� =�>?= andthe centroidvec-
tor generatedÖ by the groupof Web pagesat eachlevel from ��= >?=
reducesasthe numberof the shortestdirectedpath from � = >?= in-
creases.With regardto MethodIII, a moreaccuratefeaturevector
of Webpageis generatedwhenwe usethecontentsof Webpages
at levelsupto secondin thebackwarddirectionfrom � = >?= . Further-
more, comparedwith respective bestretrieval accuracy obtained
usingthesethreeapproaches,wefoundthatin-linkedpagesof atar-
getpagemainly affect for generatingfeaturevectorthatrepresents
the contentsof the target pagemoreaccurately. Consequently, it
is assumedthatmoreaccuratefeaturevectorof Webpagescanbe
generatedby assigninghigherweightto in-linkedpagesratherthan
out-linkedpagesof atargetpage.Weplanto verify thisassumption
in futurework.

In thispaper, weusedthe ¬ -meansalgorithmin orderto classify
thefeaturesof in- andout-linkedpagesof a targetpage.However,
sincewehaveto setthenumberof clustersinitially in the ¬ -means
algorithm,we considerthis algorithmto beinappropriatefor clas-
sifying the featuresof Web pagesthat have variouslink environ-
ments. Therefore,in future work, we plan to devise someclus-
tering methodsappropriatefor variouslink environmentsof Web
pages.Moreover, in this paper, we focusedon thehyperlinkstruc-
turesof theWebaimingatgeneratingmoreaccuratefeaturevectors
of Webpages.However, in orderto satisfytheuser’s actualinfor-
mationneed,it is moreimportantto find relevant Webpagefrom
theenourmousWebspace.Therefore,we planto addressthetech-
niqueto provideuserswith personalizedinformation.
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Figure 4: Comparison of search accuracyobtained using Method I [(MI-a): in-link pagesonly, (MI-b): out-link pagesonly, (MI-c):
both in-link and out-link pages].
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Figure5: Comparisonof search accuracyobtainedusingMethod II [(MII-a): in-link pagesonly].
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Figure6: Comparisonof search accuracyobtainedusingMethod II [(MII-b): out-link pagesonly].
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Figure7: Comparisonof search accuracyobtainedusingMethod II [(MII-c): both in-link and out-link pages].
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Figure8: Comparisonof search accuracyobtainedusingMethod III [(MIII-a): in-link pagesonly].
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Figure9: Comparisonof search accuracyobtainedusingMethod III [(MIII-b): out-link pagesonly].
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Figure10: Comparisonof search accuracyobtainedusingMethod III [(MIII-c): both in-link and out-link pages].


