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Abstract In IR (informationretrieval) systemsbasedon thevectorspacemodel,thetf-idf schemeis widely usedto characterizedoc-

uments.However, in the caseof documentswith hyperlink structuressuchasWeb pages,it is necessaryto develop a techniquefor

representingthe contentsof Web pagesmoreaccuratelyby exploiting that of their hyperlinked neighboringpages.In this paper, we

first proposesomemethodsfor improving thetf-idf schemefor a targetWebpageby usingthecontentsof its hyperlinkedneighboring

pages,andthencompareretrieval accuracy of ourproposedmethods.Experimentalresultsshow thatmoreaccuratefeaturevectorsof a

targetWebpagecanbegeneratedin thecaseof utilizing thecontentsof its hyperlinkedneighboringpagesat levelsup to secondin the

backwarddirectionfrom thetargetpage.
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1. Intr oduction
TheWWW (World WideWeb)is ausefulresourcefor usersto obtaina

greatvarietyof information.Threebillion Webpagesarethelowerbound
thatcomesfrom thecoverageof searchengines[1], andit is obviousthat
thenumberof Webpagescontinuesto grow. Therefore,it is gettingmore
andmoredifficult for usersto find relevant informationon the WWW.
Underthesecircumstances,searchenginesareoneof the mostpopular
methodsfor findingvaluableinformationeffectively, andthey areclassi-
fied into two generationsbasedon their indexing techniques[2]. In the
first-generationsearchenginesdevelopedin theearlystagesof theWeb,
only termscontainedin Webpageswereutilized asindexes. Therefore,
the traditionaldocumentretrieval techniquewasmerelyappliedto Web
pagesearch.However, Webpageshave peculiarfeaturessuchashyper-
link structuresor arein numberstoo greatto searcheffectively. Conse-
quently, usersarenot satisfiedwith easeof useandretrieval accuracy of
searchenginesbecausesuchfeaturesof Web pagesarenot exploited in
thefirst-generationsearchengines.

To dealwith theseproblems,in thesecond-generationsearchengines,
thehyperlinkstructuresof Webpagesaretakeninto account.For exam-
ple, the approachescalledPageRank[3] andHITS (Hypertext Induced
Topic Search)[4] are appliedto Google(1)[5] and the searchengineof
the CLEVER project[6], respectively. In thesealgorithms,weighting
Webpagesusinghyperlinkstructuresachieveshigherretrieval accuracy.
However, thesealgorithmshaveshortcomingsin that(1) theweightfor a
Webpageis merelydefined;and(2) therelativity of contentsamonghy-
perlinkedWebpagesis not considered.Takingthesepointsinto account,
Davison[7] concentratedon textual contentandshowedthatWebpages
are siginificantly more likely to be relatedtopically to pagesto which
they arelinked. Basedon this finding, his researchgrouphave released
thesearchengine“Teoma(2)” thatdoescontext-sensitiveHITS onthelines
of theCLEVERproject.Thissearchengineusestheconceptof “Subject-
SpecificPopularity[8],” whichranksasitebasedonthenumberof same-
subjectpagesthat referenceit, not just generalpopularity, to determine
a site’s level of authority. However, theproblemof Webpagesirrelevant
to user’s queryoftenbeingrankedhigherstill remains.Hence,in order
to provide userswith relevant Web pages,it is necessaryto develop a
techniquefor representingthecontentsof Webpagesmoreaccurately. In
orderto achieve this purpose,we have proposedsomemethodsfor im-
proving a featurevectorfor targetWebpage[9]. Our proposedmethods,
however, also have a problemin that only Web pagesout-linked from
a targetWeb pageareusedto generatethe featurevectorof targetWeb
page. SinceWeb pagesusuallyhave their in- andout- linked pages,in
thecaseof generatingmoreaccuratefeaturevectorsof Webpages,it is
necessaryto useboth their in- andout- linked pages.Therefore,in this
paper, wefirst proposethreemethodsfor improving thetf-idf scheme[10]

(1) http://www.google.com/

(2) http://www.teoma.com/

for a targetWebpageusingboth its in- andout-linkedpagesin orderto
representthecontentsof thetargetWebpagemoreaccurately. Then,we
compareretrieval accuracy of our proposedmethodsusingtheimproved
featurevectors. Our methodis novel in improving tf-idf basedfeature
vectorof target Web pageby reflectingthe contentsof its hyperlinked
neighboringWebpages.

2. RelatedWork
2.1 IR Systemsbased on the concept of “Optimal Document

Granularity”
With respectto this researcharea,we refer to the following works.

Tajimaetal.[11] presentedatechniquewhichuses“cuts” (resultsof Web
structureanalysis)asretrieval unitsfor theWeb. Moreover, they extended
to rank searchresultsinvolved multiple keywordsby (1) finding mini-
mal subgraphsof links andWeb pagesincluding all keywords; and(2)
computingthescoreof eachsubgraphbasedon locality of thekeywords
within it [12]. Following theseworks,Li etal.[13] introducedtheconcept
of “ information unit”, which canberegardedasa logical documentcon-
sisitingof multiple physicalWebpagesasoneatomicretrieval unit, and
proposedanovel framework for documentretrieval by informationunits.
However, theseapproachesrequiresconsiderableprocessingtime to an-
alyzehyperlink structuresandto discover the semanticsof Web pages.
In addition,while thesesystemscanfind retrieval unitsexactly, it often
arisesthat they find retrieval units irrelevant to the userspecifiedquery
terms. As for theseworks, we do not believe that userscould under-
standthesearchresultsintuitively, becausethemultiple querykeywords
dispersein severalhyperlinkedWebpages.

2.2 HITS Algorithm
Kleinberg[4] originally developed HITS algorithm applied to the

searchengineof the CLEVER project[6]. This algorithm dependson
thequeryandconsidersthesetof pages� thatpoint to or areredirected
by pagesin theanswer. Webpagesthathavemany links pointingto them
in � arecalledauthorities, while Web pagesthat have many outgoing
links arecalledhubs. Thatis to say, betterauthoritiescomefrom incom-
ing edgesfrom goodhubsandbetterhubscomefrom outgoingedgesto
goodauthorities.Let ���	��
 and �����
 be thehubandauthorityscoreof
page� . Thesescoresaredefinedsuchthat the following equationsare
satisfiedfor all pages� :
���	��
�� ������� ��������	��
������	��
��  !�����  "�#�����	$%
��

where ������
 and ���	��
 arenormalizedfor all Web pages.Thesevalues
canbe determinedthroughan iterative algorithm,andthey converge to
theprincipaleigenvectorof thelink matrix of � .

Severalresearchershave extendedtheabove original HITS algorithm.
For instance,the ARC algorithmof Chakrabartiet al.[14] enhancedthe
HITS algorithmwith textualanalysis.ARC computesadistance-2neigh-
borhoodgraphandweightsedges.Theweightof eachedgeis basedon
the matchbetweenthe querytermsandthe text surroundingthe hyper-
link in thesourcedocument.In [15], Bharatet al. introducedadditional



heuristicsto HITS algorithmby giving a documentan authorityweight
of &('*) if thedocumentis in agroupof ) documentsonafirst hostwhich
link to a singledocumenton a secondhost,anda hub weight of &(',+ if
thereare + links from thedocumenton a first hostto a setof documents
on a secondhost. However, the majorproblemin this techniqueis that
theWebpagestherootdocumentpoint to getthelargestauthoritiyscores
becausethe hub scoreof the root pagedominatesall the otherswhena
Webpagehasfew in-links but a largenumberof out-links,mostof which
arenot very relevant to the query. In orderto solve this problem,Li et
al.[16] proposedanew weightedHITS-basedmethodthatassignsappro-
priateweightsto in-links of root Webpagesandcombinedcontentanal-
ysiswith HITS-basedalgorithm.In addition,Chakrabartiet al.[17], [18]
considerednotmerelythetext of Webpagebut alsotheDocumentObject
Model (DOM) within theHTML. This improveson intermediatework in
the CLEVER project[6] that broke hubsinto piecesat logical HTML
boundaries.

2.3 PageRankAlgorithm
PageRanksimulatesausernavigatingrandomlyin theWebwhojumps

to a randompagewith probability - , or follows a randomhyperlinkwith
probability &#.�- . It is further assumedthat this usernever returnsto
a previously visitedpagefollowing analreadytraversedhyperlinkback-
wards.Thisprocesscanbemodeledwith aMarkov chain,from whichthe
stationaryprobabilityof beingin eachWebpagecanbecomputed.This
valueis thenusedasapartof therankingmechanismusedby Google[5].
Let /0�	1%
 bethenumberof outgoinglinks from Webpage1 andsuppose
thatWebpages�32 to ��4 point to theWebpage1 . Then,thePageRank,576 �	18
 of 1 is definedas:576 �	18
��9-#:��;&<.=-%
 4>	? 2

576 �	� > 
/0�	� > 
 �
wherethevalueof - is empirically setto about0.15-0.2by the system.
Theweightsof otherWebpagesarenormalizedby thenumberof links in
theWebpage.PageRankcanbecomputedusingan iterative algorithm,
andcorrespondsto theprincipaleigenvectorof thenormalizedlink ma-
trix of the Web. The main problemsof this algorithm are that (1) the
contentsof Webpagesarenot analyzed,so the “importance”of a given
Webpageis independentof thequery;and(2) specificfamousWebsites
tendto berankedmorehighly. Rafieietal.[19] proposedusingthesetof
Webpagesthatcontainsometermasabiassetfor influencingthePageR-
ankcomputation,with thegoalof returningtermsfor whichagivenpage
hasa high reputation. Furthermore,Haveliwala[20] proposedcomput-
ing a setof PageRankvectorsto capturemoreaccuratelythe notion of
importancewith respectto a particulartopic.

3. ProposedMethod
As wedescribedin Section2.1, theIR systemsbasedontheconceptof

“optimal documentgranularity”haveaproblem,in thatthesearchresults
are incomprehensiblefor users. Moreover, HITS[4] andPageRank[5]
alsohave problems: (1) the weight for a Web pageis merelydefined;
and (2) the relativity of contentsamonghyperlinked Web pagesis not
considered.Onthebasisof theseproblems,in orderto representthecon-
tentsof Web pagesmore accurately, the featurevector of a Web page
shouldbegeneratedby usingthecontentsof its hyperlinkedneighboring
pages.We, therefore,proposeimproving the tf-idf schemefor a target
Web pageby using the contentsof its hyperlinked neighboringpages.
Unlike researchesdescribedin theprevioussection,our methodis novel
in improving tf-idf basedfeaturevectorof a targetWebpageby reflect-
ing thecontentsof its hyperlinkedneighboringWebpages.Ourapproach
is query-independentandlink-basedcomputationsareperformedoffline
as well as PageRankalgorithm. At query time, we only computethe
similarity betweentheimprovedfeaturevectoranduserspecifiedquery.
Therefore,thequery-timecostsarenotmuchgreaterthanHITSalgorithm
whosequery-timecostsdependson thequery.

In thefollowing discussion,let a targetpagebe ��@�A,@ . Then,wedefineB
asthenumberof theshortestdirectedpathfrom ��@	A,@ . Let usassumethat
thereare C > Web pages(� >ED �F� > G �IHIHIHJ�F� >	K�L ) in the B @NM level from ��@	A�@ .
Moreover, we denotethefeaturevector O

�IP	Q"P
of ��@�A,@ asfollows:R �IP	Q"PTSVUXW � P	Q;P@ DZY W

� P	Q"P
@ G[Y�\�\�\,Y W

� P	Q"P
@N]Z^ Y (1)

where_ is thenumberof uniquetermsin theWebpagecollection,and`ba ��)�c&(�,d(�bHIHIHJ�F_e
 denotestheeachterm. Usingthetf-idf scheme,we
alsodefinetheeachelementf

� P	Q"P
@hg of O

� P	Q"P
asfollows:

f
� P	Q;P
@Eg � `Ii � `ba �j��@	A�@j
k l ? 2 `Ii � ` l �F� @	A,@ 
 H;mXn*o

Cqp8r;s- i � `ba 
 � (2)

where
`Ii � `Ia �F��@�A,@F
 is the frequency of term

`Ia
in the target page��@	A�@ ,Cqp3r"s is the total numberof Web pagesin the collection,and - i � `ba 
 is

thenumberof Webpagesin which term
`Ia

appears.Below, we refer toO
�bP	Q"P

as the “ initial feature vector.” Subsequently, we denotethe im-
provedfeaturevector O�t

� P	Q"P
asfollows:R t

�bP	Q"PTSVUXW
t
� P	Q"P
@ DuY W t

� P	Q"P
@ GvY;\�\�\�Y W t

� P	Q"P
@N]w^ Y (3)

andreferto this O t
�IP	Q"P

asthe“ improved feature vector.” In thispaper, we

proposethreemethodsfor improving the“initial featurevector” defined
by Equation(2) asfollows:x the methodfor reflectingthe contentsof all Web pagesat levels
up to y{z > 4�| @NM in thebackwarddirectionandlevelsup to y}z�~ � @ | @EM in the
forwarddirectionfrom thetargetpage��@	A�@ (Method I ),x themethodfor reflectingthecentroidvectorsof clustersgenerated
from Webpagegroupscreatedateachlevel upto y{z > 4�| @EM in thebackward

directionandeachlevel up to y zX~ � @ | @EM in theforwarddirectionfrom the
targetpage� @�A,@ (Method II ),x themethodfor reflectingthecentroidvectorsof clustersgenerated
from Webpagegroupscreatedat levelsupto y{z > 4�| @NM in thebackwarddi-

rectionandlevelsup to y{zX~ � @ | @EM in theforwarddirectionfrom thetarget
page��@	A�@ (Method III ).

Method I
In this method,we reflect the contentsof all Web pagesat levels up

to y z > 4�| @NM in thebackwarddirectionandlevelsup to y zX~ � @ | @EM in thefor-

ward direction from the target page � @�A,@ . Basedon the ideasthat (1)

thereareWebpagessimilar to thecontentsof � @�A,@ in theneighborhood

of ��@�A,@ ; and(2) sinceon onehandsuchWebpagesexist right near��@	A,@ ,
on the otherhandthey might exist far removed from ��@	A�@ in the vector

space,we reflect the distancebetweenO
� P	Q;P

and featurevector of in-

andout-linkedpagesof ��@�A,@ in thevectorspaceoneachelementof initial

featurevector O
�bP	Q"P

. For example,Figure1(a)shows that O t
�IP	Q"P

is gen-

eratedby reflectingthecontentsof all Webpagesat levelsup to second

in the backward andforward directionsfrom � @�A,@ on O
� P	Q"P

. In Figure

1(a), � >��;� LX�,� and � >��"�X�F� P � correspondto the � @NM pagein the B @EM level in

the backward andforward directionsfrom ��@	A,@ , respectively. Addition-

ally, Figure1(b) shows that improvedfeaturevector O t
� P	Q"P

is generated

by reflectingeachfeaturevectorof in- andout-linked pagesof � @	A�@ on

the initial featurevector O
�IP	Q"P

. In this method,eachelementf t
�bP	Q"P
@ g ofO t

� P	Q"P
is definedasfollows:W

t
�IP	Q;P
@ g

S�W �bP	Q"P
@ g
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� � L��,�
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� L � L��,�
��? 2

W � L�� � LX�,�@ g� ��� U R � P	Q"P Y R
� L�� � LX�,� ^

� ��0�	�
� �X�F� P �
>�? 2

� L �X�F� P �
��? 2

W � L�� �X�F� P �@ g� �	� U R �IP	Q"P Y R
� L�� �X�F� P � ^ � (4)

Equation(4) showsthattheproductof f
� L�� � LX�,�@hg (weightof term

` a
in Web

page� >�� � L��,� ) andthereciprocalof -�BJ�b�FO
� P	Q;P
��O
� L�� � L���� 
 (thedistancebe-

tweenO
�IP	Q"P

and O
� L�� � L��,�

in thevectorspace),andsimilarly, theproduct

of f
� L�� �X�F� P �@ g (weightof term

`ba
in Webpage� >�� �X�F� P � ) andthereciprocal

of -(BJ�b�jO
� P	Q"P
��O
� L�� �X�F� P � 
 (the distancebetweenO

� P	Q"P
and O

� L�� �X�F� P �
in

thevectorspace)is addedto f
� P	Q"P
@ g (weightof term

`ba
in � @	A,@ , computed

by Equation(2)) with respectto all Web pagesat levels up to y z > 4�| @EM
in thebackwarddirectionandlevelsup to y z�~ � @ | @EM in theforwarddirec-

tion from � @	A�@ . If thedistancebetweenO
� P	Q"P

and O
� L�� � L��,� �,O

� L�� �X�F� P �
in

the vectorspaceis very close,the valuesof the secondandthird terms

of Equation(4) can be dominantcomparedwith the first term f
�bP	Q"P
@ g .

Therefore,in order to prevent this phenomenon,we also define �qBE_ ,

which denotesthe numberof uniquetermsin the Web pagecollection.-�BJ�b�FO
�IP	Q"P
��O
� L�� � L���� 
 and -�B,�b�jO

�bP	Q"P
��O
� L�� �X�F� P � 
 aredefinedthe follow-

ing equations,respectively:

� ��� U R � P	Q"P Y R
� L�� � LX�,� ^

S k
a ? 2
UXW �IP	Q;P
@ g��

W � L�� � LX�,�@ g ^F� Y (5)

� �	� U R � P	Q;P Y R
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S k
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Figure1 Theimprovementof afeaturevectorasperformedby MethodI [(a) in theWebspace,(b) in thevector

space].
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Figure2 The improvementof a featurevectorasperformedby MethodII [(a) in the Web space,(b) in the

vectorspace].

Method II
In thismethod,wefirst constructWebpagegroups� > � L��,� ateachlevel

up to y{z > 4�| @NM in thebackwarddirection,and � > �X�F� P � at eachlevel up toy z�~ � @ | @EM in the forward direction from the target page��@	A�@ . Then,we

generateO t
� P	Q"P

by reflectingcentroidvectorsof clustersgeneratedfrom� > � LX�,� and � > �X�F� P � on initial featurevector O
� P	Q"P

. This methodis based

on the idea that Web pagesat eachlevel in the backward and forward

directionsfrom ��@	A�@ is classifiedinto sometopics in the eachlevel. In

addition,we reflectthedistancebetweenO
� P	Q"P

andthecentroidvectors

of the clustersin the vectorspaceon eachelementof the initial feature

vector O
�IP	Q"P

. In otherwords,wefirst createWebpagegroups� >N� L��,� and� > �X�F� P � definedasfollows:  >E� LX�,� SV¡"¢ > 2 � LX�,� Y
¢ > � � L���� Y�\�\�\JY

¢ > � L � L��,��£ Y (7)  > �X�F� P � S9¡"¢ > 2 �X�F� P � Y
¢ > � �X�F�

P � Y;\�\,\�Y ¢ > � L �X�F� P � £ (8)U � S � Y�¤�Y�\�\�\,YN¥ ^
andthenproduce¦ clustersin eachWebpagegroup � > � L��,� and � > �X�F� P �
by meansof the ¦ -meansalgorithm[21]. ThecentroidvectorsO A L	§ � L��,�
and O A L	§ �X�F�

P � �	¨�c&(�Id(�JHIHbHI�F¦�
 areproducedin � > � L��,� and � > �X�F� P � , re-

spectively. We generateanimprovedfeaturevector O t
� P	Q"P

by reflecting

the distancebetweeneachcentroidvector, O A L	§ � LX�,� , O A L�§ �X�F�
P �

andthe

initial featurevectorO
�bP	Q"P

on O
�IP	Q"P

. For instance,Figure2(a)showsthat

we constructWeb pagegroups � 2 � L��,� �I� � � LX�,� , � 2 �X�F�
P � , and � � �X�F�

P � at

eachlevel up to secondin thebackwardandforwarddirectionfrom ��@	A�@ ,
andgenerateanimprovedfeaturevector O t

� P	Q;P
by reflectingthecentroid

vectorsof eachclusterproducedin eachWebpagegroup � 2 � L���� �b� � � L��,� ,� 2 �X�F� P � , and � � �X�F�
P � on O

�IP	Q;P
. Moreover, Figure2(b) shows that im-

proved featurevector O t
� P	Q;P

is generatedby reflectingcentroidvectors

of eachclusteron O
� P	Q;P

. In this method,we defineeachelementf t
� P	Q;P
@hg

of O�t
� P	Q"P

asfollows:W
t
�IP	Q;P
@ g

S�W �bP	Q"P
@ g

� ��0�	�
� � L��,�
>�? 2

©
ª ? 2

W A L�§ � L��,�@ g� �	� U R � P	Q"P Y R A L�§ � L��,� ^
� ��0�	�

� �X�F� P �
>�? 2

©
ª ? 2

W A L	§ �X�F� P �@ g� �	� U R � P	Q"P Y R A L	§ �X�F� P � ^ � (9)

Equation(9) shows that theproductf A L	§ � LX�,�@ g (weightof term
`ba

in cen-

troid vector O A L	§ � L��,� of cluster̈ constructedfrom � > � L��,� ) andtherecip-

rocalof -�BJ�b�FO
� P	Q;P
��O A L�§ � L��,� 
 (thedistancebetweenO

� P	Q"P
and O A L�§ � L��,�

in the vectorspace),andsimilarly, the productof f A L	§ �X�F�
P �@ g (weight of

term̀
Ia

in centroidvectorO A L	§ �X�F�
P �

of cluster̈ constructedfrom � > �X�F� P � )
andthereciprocalof -�B,�b�jO

� P	Q"P
�,O A L	§ �X�F�

P � 
 (thedistancebetweenO
� P	Q"P

and O A L	§ �X�F�
P �

in thevectorspace)is addedto f
� P	Q"P
@hg (weightof term

`Ia
in��@	A�@ , computedby Equation(2)) with respectto all centroidvectorscon-

structedat eachlevel up to y z > 4�| @EM in the backward directionandeach

level up to y{zX~ � @ | @EM in the forwarddirectionfrom � @	A,@ . In addition,we

introduce�«Bh_ for thepurposeof preventingthevaluesof thesecondand

third termsfrom dominatingcomparedwith thefirst termin Equation(9).-�BJ�b�FO
� P	Q"P
��O A L	§ � L��,� 
 and -(BJ�b�jO

� P	Q"P
�,O A L�§ �X�F�

P � 
 aredefinedasfollows:

� ��� U R �bP	Q"P Y R A L	§ � L���� ^
S k

a ? 2
UXW �IP	Q;P
@ g �

W A L	§ � L��,�@ g ^ � Y (10)

� �	� U R �IP	Q;P Y R A L	§ �X�F� P � ^
S k

a ? 2
UXW � P	Q"P
@hg �

W A L	§ �X�F� P �@Eg ^h� � (11)



Method III
Thismethodis basedontheideathatWebpagesat levelsupto y{z > 4�| @NM

in thebackwarddirectionandlevelsup to y{zX~ � @ | @EM in theforwarddirec-

tion from the target page��@	A�@ is composedof sometopics. According

to this idea,we clusterthe setof all Web pagesat levels up to y{z > 4�| @NM
in the backward direction and levels up to y}z�~ � @ | @EM in the forward di-

rectionfrom ��@	A�@ , andgenerateO t
�IP	Q"P

by reflectingcentroidvectorsof

the clusterson the initial featurevector O
� P	Q"P

. Furthermore,we reflect

thedistancebetweenO
� P	Q;P

andthecentroidvectorof theclusterin the

vectorspaceon eachelementof O
�IP	Q"P

; in otherwords,we createWeb

pagegroups � > � L��,� and � > �X�F� P � asdefinedby Equation(12) and (13),

respectively,  > � L���� S9¡;¢ 2;2 � LX�,� Y
¢
2 � � LX�,� Y�\�\�\,Y

¢
2 � D � LX�,� Y¢

� 2 � LX�,� Y
¢
�;� � LX�,� Y�\�\�\,Y

¢
� � G � LX�,� Y¢ > 2 � L��,� Y

¢ > � � L��,� Y�\�\�\,Y
¢ > � L � LX�,��£ Y (12)  >N�X�F� P � S9¡"¢ 2�2 �X�F� P � Y

¢
2 � �X�F�

P � Y�\�\�\,Y ¢ 2 � D �X�F� P � Y¢
� 2 �X�F�

P � Y ¢ ��� �X�F�
P � Y�\�\�\,Y ¢ � � G �X�F� P � Y¢ > 2 �X�F� P � Y

¢ > � �X�F�
P � Y�\�\�\,Y ¢ > � L �X�F� P � £ Y (13)U � S � Y	¤¬Y;\,\�\�YN¥ ^ Y

andproduce¦ clustersin � > � L��,� and � > �X�F� P � by meansof the ¦ -means

algorithm. ThecentroidvectorsO A § � LX�,� and O A § �X�F�
P � �	¨�®&(�Id(�JHIHbHF¦�


areproducedin � >N� L��,� and � >E�X�F� P � , respectively. Then,we generateim-

provedfeaturevector O t
�IP	Q"P

by reflectingthedistancebetweeneachcen-

troid vector O A § � L��,� , O A § �X�F�
P � �	¨�¯&(�Jd(�IHIHIHI�h¦�
 andinitial featurevec-

tor O
� P	Q"P

on O
� P	Q"P

. For instance,Figure3(a) shows that we construct

Webpagegroups� � � L��,� and � � �X�F�
P � at levelsup to secondin theback-

wardandforwarddirectionfrom ��@	A�@ , andgenerateimprovedfeaturevec-

tor Ot
� P	Q"P

by reflectingthecentroidvectorsof clustersproducedin Web

pagegroup � � � L���� and � � �X�F�
P � on the initial featurevector O

� P	Q"P
. Fur-

thermore,Figure3(b) shows that improvedfeaturevector O t
�bP	Q"P

is gen-

eratedby reflectingcentroidvectorsof eachclusteron theinitial feature

vector O
� P	Q"P

. In thismethod,eachelementf t
� P	Q"P
@hg of O�t

� P	Q"P
is definedas

follows:W
t
�IP	Q"P
@ g

S°W �IP	Q;P
@ g

� ��7�	�
©
ª ? 2

W A § � L��,�@ g� �	� U R �IP	Q"P Y R A § � L��,� ^
� ��7�	�

©
ª ? 2

W A § �X�F� P �@ g� �	� U R � P	Q"P Y R A § �X�F� P � ^ � (14)

Equation(14) shows that the productof f A § � LX�,�@ g (weight of term
`ba

in

centroidvector O A § � L��,� of cluster̈ generatedfrom � > � LX�,� ) andtherecip-

rocalof -�B,�b�jO
� P	Q"P
�,O A § � L��,� 
 (thedistancebetweenO

� P	Q"P
and O A § � LX�,� in

thevectorspace),andsimilarly theproductof elementf A § �X�F�
P �@ g (weight

of term
`Ia

in centroidvector O A § �X�F�
P �

of cluster̈ generatedfrom � > � L��,� )
andthereciprocalof -�B,�b�jO

� P	Q"P
�,O A § �X�F�

P � 
 (thedistancebetweenO
� P	Q;P

and O A § �X�F�
P �

in the vectorspace)is addedto f
� P	Q;P
@Eg (weight of term

`ba
in ��@	A,@ computedby Equation(2)), with respectto the numberof clus-

ters ¦ . As mentionedin MethodI andII, in orderto prevent the value

of the secondandthird term of equation(14) from becomingdominant

comparedwith theoriginaltermweight f
� P	Q"P
@hg , weintroduce�qBE_ , which

denotesthenumberof uniquetermsin theWebpagecollection.Wealso

define-�BJ�b�FO
� P	Q;P
�,O A § � L���� 
 and-�B,�b�jO

� P	Q"P
��O A § �X�F�

P � 
 asfollows:

� �	� U R �IP	Q;P Y R A § � L��,� ^
S k

a ? 2
UXW � P	Q"P
@ g �

W A § � L��,�@ g ^ � Y (15)

� �	� U R � P	Q;P Y R A § �X�F� P � ^
S k

a ? 2
UXW �bP	Q"P
@ g±�

W A § �X�F� P �@ g ^h� � (16)

4. Experiment
4.1 Experimental Setup
Our proposedmethodsdescribedin Section3. wereimplementedus-

ing Perlon a workstation(CPU:UltraSparc-II480MHz ² 4, Memory: 2

GBytes,OS:Solaris8), andtheexperimentsto verify theretrieval accu-

racy wereconductedusingtheTRECWT10gtestcollection[22], which

containsabout1.6million Webpages.Stopwordswereeliminatedfrom

all theWebpagesin thecollectionbasedon thestopword list(3)andstem-

ming wasperformedusingthePorterStemmer(4)[23]. We formedquery

vector ³ using the termscontainedin the “title” field in Topics from

451to 500at theTREC WT10gtestcollection. This queryvector ³ is

denotedasfollows:´ S9UXµ @ D Y
µ
@ G Y�\�\�\,Y

µ
@ ] ^ Y (17)

where_ is thenumberof uniquetermsin theWebpagecollection,and`ba �;)¶�·&(�,d(�bHJHIHI�F_e
 denotesthe eachterm. Eachelemenţ @Eg of ³ is

definedasfollows:µ
@ g
S ¹

�
º �

¹
�
º \"»½¼ UX¾ a ^k l ? 2 »¿¼

UX¾ l ^ \jÀ ÁbÂÄÃ p8r"s� ¼ UX¾ a ^
UXÅS

� Y�¤¬Y�\�\,\�Y � ^ (18)

where Æ i � ` a 
��FC p3r"s , and - i � ` a 
 is the numberof index terms
` a

, the

total numberof Webpagesin thetestcollection,andthenumberof Web

pagesin which the term
`ba

appears,respectively. As reportedin [24],

Equation(18) is theelementof a queryvectorthatbringsthebestsearch

result. We then computethe similarity �"Bh_e�jO�t
� P	Q;P
�,³
 betweenim-

provedfeaturevector O t
�IP	Q"P

andqueryvector ³ . The �"Bh_e�jO t
�IP	Q;P
�,³Ç


is definedasfollows:�,�	� U R t
� P	Q"P Y ´ ^

S R t
�IP	Q"P \ ´È R t
� P	Q"P È \ È ´ È � (19)

Basedon the value of �"BE_e�jO t
�IP	Q"P
�J³
 , we evaluateretrieval accuracy

using“precisionat 11standardrecall levels” describedin [25] and[26].

4.2 Experimental Results
Method I
We generatedimproved featurevector O t

� P	Q;P
for initial featurevectorO

� P	Q"P
of targetpage��@	A�@ with respectto thefollowing threecases:

(MI-a) wherethecontentsof all Webpagesat levelsup to y}z > 4�| @EM in the
backwarddirectionfrom ��@	A,@ reflecton theinitial featurevector O

� P	Q"P
,

(MI-b) wherethecontentsof all Webpagesat levelsupto y{zX~ � @ | @EM in the
forwarddirectionfrom ��@�A,@ reflecton theinitial featurevector O

� P	Q"P
,

(MI-c) wherethe contentsof all Web pagesat levels up to y{z > 4�| @NM in

thebackwarddirectionandlevelsup to y{zX~ � @ | @EM in theforwarddirection
from � @	A�@ reflecton theinitial featurevector O

� P	Q;P
.

Usingtheseimprovedfeaturevectors,we verifiedtheretrieval accuracy.
Figure4 shows the experimentalresultsof (MI-a), (MI-b), and(MI-c).
In thesefigures,thevalueof y{z > 4�| and y}zX~ � @ | representsthe maximum
valueof B , which denotesthe numberof theshortestdirectedpathfrom� @	A�@ asFigure1(a) illustrates.As shown in (MI-a) and(MI-b), we found
thatwecannotobtainmuchimprovementin retrieval accuracy compared
with thetf-idf schemewhenusingonly in-linkedpagesor only out-linked
pagesof thetargetpage� @	A�@ . In Figure4(MI-a) and(MI-b), theaverage
improvementratio is +0.02comparedwith tf-idf scheme.On the other
hand,in thecaseof reflectingthecontentsof all Webpagesup to first in
thebackwardandforwarddirectionfrom ��@	A�@ on O

� P	Q"P
, asFigure4(MI-

c) shows, we canobtainslight improvementin retrieval accuracy (only
+0.007improvement).However, Figure4(MI-c) illustratesthat,whenre-
flectingthecontentsof all Webpagesat levelsupto secondor third in the
backwardandforwarddirectionfrom ��@�A,@ on O

�bP	Q"P
, wecanobtainmuch

betterretrieval accuracy comparedwith tf-idf scheme(+0.028,+0.029
improvement,respectively). Therefore,in general,we foundthatwe can
generatea more accuratefeaturevector of Web pageby reflectingthe
contentsof all Webpagesat levelsup to at leastsecondin thebackward
andforwarddirectionfrom thetargetpage��@	A,@ .

(3) ftp://ftp.cs.cornell.edu/pub/smart/english.stop

(4) http://www.tartarus.org/%7Emartin/PorterStemmer/
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Figure3 The improvementof a featurevectorasperformedby MethodIII [(a) in the Webspace,(b) in the

vectorspace].

Method II
Wegeneratedtheimprovedfeaturevector O t

�IP	Q"P
for initial featurevectorO

�bP	Q"P
of targetpage��@	A�@ with respectto thefollowing threecases:

(MII-a) wherethe centroidvectorsof clustersgeneratedby the groupof
Web pagesat eachlevel up to y{z > 4�| @EM in the backward direction from��@	A�@ reflecton theinitial featurevector O

� P	Q;P
,

(MII-b) wherethe centroidvectorsof clustersgeneratedby the groupof
Webpagesateachlevel up to y zX~ � @ | @EM in theforwarddirectionfrom ��@	A�@
reflecton theinitial featurevector O

�IP	Q"P
,

(MII-c) wherethe centroidvectorsof clustersgeneratedby the groupof
Webpagesateachlevel upto y}z > 4�| @EM in thebackwarddirectionandeach

level upto y zX~ � @ | @EM in theforwarddirectionfrom ��@�A,@ reflectontheinitial
featurevector O

�bP	Q"P
.

We then conductedexperimentsto verify the retrieval accaracy using
theseimprovedfeaturevectors.Figures5, 6 and7 show theexperimental
resultsof (MII-a), (MII-b), and(MII-c), respectively. In thesefigures,the
valueof ¦ meansthenumberof clustersproducedby Web pagegroup
denotedby Equation(7), and(8).

In regardto (MII-a), we couldobtainthebestretrieval accuracy when
we generatedanimprovedfeaturevectorthatconsideredthecontentsof
Webpagesat eachlevel up to first in thebackwarddirectionfrom � @	A�@ ,
comparedwith thetf-idf scheme(Figure5, y z > 4�| �c& , +0.022improve-
ment).However, wecouldnotobtainnotableretrieval accuracy whenwe
generatedanimprovedfeaturevectorthatconsideredthecontentsof Web
pagesat eachlevel up to second(Figure5, y}z > 4�| �Ëd ) or third (Figure
5, y{z > 4�| �¯Ì ) in thebackwarddirectionfrom a ��@�A,@ , comparedwith the
tf-idf scheme(atbest,+0.011,+0.018improvement,respectively).

Regarding(MII-b), as well as (MII-a), we could obtain the bestre-
trieval accuracy whenwe generatedanimprovedfeaturevectorthatcon-
sideredthecontentsof Webpagesat eachlevel up to first in theforward
directionfrom ��@	A�@ , comparedwith tf-idf scheme(Figure6, y zX~ � @ | �Í& ,
+0.027improvement). However, like (MII-a), we could not obtainno-
table retrieval accuracy whenwe generatedan improved featurevector
that consideredthe contentsof Web pagesat eachlevel up to second
(Figure6, y zX~ � @ | �Îd ) or third (Figure6, y zX~ � @ | �ÎÌ ) in the forward
directionfrom � @�A,@ (atbest,+0.020,+0.016improvement,respectively).

Furthermore,regarding(MII-c), just aswith (MII-a) and(MII-b), we
couldobtainthebestretrieval accuracy whenwe generatedanimproved
featurevectorthatconsideredthecontentsof Webpagesat eachlevel up
to first in thebackwardandforwarddirectionfrom ��@	A�@ , comparedwith
tf-idf scheme(Figure7, y z > 4�| �Ë&(�Fy zX~ � @ | �Ë& , +0.024improvement).
However, just aswith (MII-a) and(MII-b), neithercould we obtainre-
markableretrieval accuracy whenwegeneratedanimprovedfeaturevec-
tor thatconsideredthecontentsof Webpagesat eachlevel up to second
(Figure7, y}z > 4�| �Íd(�jy{zX~ � @ | �Íd , at best,+0.012improvement)or third
(Figure7, y{z > 4�| �ËÌ(�jy{zX~ � @ | �ËÌ , at best,+0.012improvement)in the
backwardandforwarddirectionfrom ��@	A,@ .

Basedon the findingsdescribedabove, we found that,with regardto
thecontentsof Web page,thereis strongsimilarity betweenthe feature
vectorof the targetpage��@	A,@ andthecentroidvectorgeneratedby Web
pagegroupsat eachlevel up to first in the backward and forward di-
rectionsfrom ��@	A,@ . However, we alsofound that similarity betweenthe
featurevectorof � @�A,@ andthecentroidvectorgeneratedby thegroupof
Web pagesat eachlevel from � @�A,@ reducesasthe valueof B , which de-
notesthenumberof theshortestdirectedpathfrom � @	A�@ , increases.

Method III
Wegeneratedanimprovedfeaturevectorfor targetpage��@	A�@ with respect
to thefollowing threecases:

(MIII-a) wherethe centroidvectorsof clustersgeneratedby the groupof
all Webpagesat levelsup to y{z > 4�| @EM in thebackwarddirectionfrom � @	A�@
reflecton theinitial featurevector O

� P	Q;P
,

(MIII-b) wherethe centroidvectorsof clustersgeneratedby the groupof
all Webpagesat levelsup to y zX~ � @ | @NM in theforwarddirectionfrom ��@	A�@
reflecton theinitial featurevector O

�IP	Q;P
,

(MIII-c) wherethe centroidvectorsof clustersgeneratedby the groupof
all Webpagesat levelsup to y{z > 4�| @NM in thebackwarddirectionandlev-

elsup to y z�~ � @ | @EM in theforwarddirectionfrom ��@	A�@ reflecton theinitial
featurevector O

�IP	Q"P
.

We then conductedexperimentsto verify the retrieval accuracy using
theseimproved featurevectors. Figures8, 9, and10 show the experi-
mentalresultsof (MIII-a), (MIII-b), and(MIII-c), respectively. In these
figures,the valueof ¦ representsthe numberof clustersgeneratedby
Webpagegroupsdenotedby Equation(12),and(13).

Regarding(MIII-a), in comparisonwith the tf-idf scheme,we could
obtainthebestretrieval accuracy whenwegeneratedanimprovedfeature
vectorthatconsideredthecontentsof Webpagesat levelsupto secondin
thebackwarddirectionfrom ��@	A�@ (Figure8, y z > 4�| �°d , +0.032improve-
ment).Furthermore,whentheWebpagegroupswereproducedfrom all
Webpagesat levelsupto second(Figure8, y{z > 4�| �Ïd ) or third (Figure8,y}z > 4�| �ÏÌ ) in thebackwarddirectionfrom ��@	A�@ , wecouldobtainthebest
retrieval accuracy asthevalueof ¦ equaledthree.Wecaninfer from this
factthattopicsof Webpagethatpointto thetargetpage��@	A�@ aregenerally
composedof threetopics.

In regardto (MIII-b), wecouldobtainthebestretrieval accuracy when
we generatedanimprovedfeaturevectorthatconsideredthecontentsof
all Webpagesat levelsup to secondin the forwarddirectionfrom ��@	A,@ ,
comparedwith thetf-idf scheme(Figure9, y z�~ � @ | ��d , +0.028improve-
ment). In addition,in thecaseof this (MIII-b), we couldobtainthebest
retrieval accuracy whenthevalueof ¦ equaledthreein any casewherey zX~ � @ | �Ð&(�jy zX~ � @ | �Ðd(�jy zX~ � @ | �·Ì . We caninfer from this fact that
topicsof Webpagesthatwe canfollow from � @	A,@ is oftencomposedof
threetopics.

Finally, in regard to (MIII-c), the bestretrieval accuracy is obtained
whenwe generatedan improvedfeaturevectorthat consideredthecon-
tentsof all Web pagesat levels up to secondin the backward and for-
ward directions from ��@	A�@ , comparedwith tf-idf scheme(Figure 10,y z > 4�| �Ñd(�jy zX~ � @ | �Òd , +0.026 improvement). Furthermore,in any
casewhere [ y{z > 4�| �u&(�Fy{zX~ � @ | �u& ], [ y{z > 4�| �Ód(�jy{zX~ � @ | �ud ],
[ y}z > 4�| �ÔÌ(�hy}z�~ � @ | �ÔÌ ], we could obtain the bestretrieval accuracy
whenthevalueof ¦ equaledthree.Therefore,hyperlinkedWebpagesin
theneighborhoodof a targetpagetendto haveaboutthreetopics.

As we describedabove, the bestretrieval accuracy is obtainedwhen
we generatean improved featurevectorconsideringthe contentsof all
Webpagesat levelsup to secondin thebackwarddirectionfrom ��@	A,@ in
(MIII-a), andconsideringthe contentsof all Web pagesat levels up to
secondin theforwarddirectionfrom ��@	A,@ in (MIII-b). Therefore,we can
infer thattheresultin (MIII-c) is theeffect obtainedby merging thebest
resultsof (MIII-a) and(MIII-b).

4.3 Summary of Experimental Results
In summary, Figure11 illustratesthecomparisonof thebestretrieval

accuracy obtainedusingtheMethodI, II, andIII describedin theprevi-



oussection.Accordingto theseresults,wefoundthatwecouldobtainthe
bestretrieval accuracy in comparisonwith tf-idf scheme,in the caseof
generatingimprovedfeaturevectorby creatinga groupof all Webpages
at levelsup to secondin thebackwarddirectionfrom ��@	A�@ andproducing
threeclustersfrom thegroupin MethodIII. In addition,Figure11shows
that,in any caseof MethodI, II, andIII, thebestretrieval accuracy is ob-
tainedusingthecontentsof in-linkedpagesof atargetpage.Therefore,it
is assumedthatmoreaccuratefeaturevectorsof Webpagescanbegener-
atedby assigninghigherweightto in-linkedpagesratherthanout-linked
pagesof a targetpage.

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0 0.2 0.4 0.6 0.8 1

pr
ec

is
io

n

recall

’tfidf’
’(MI-a), L(in)=3’

’(MIII-a),  L(in)=2, K=3’
’(MII-a), L(in)=3, K=3’

 average 
precision

improvement

0.313
0.342

0.345
0.342

+0.029

+0.032
+0.029

-
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andIII.

5. Conclusion
In this paper, in orderto representthecontentsof Webpagesmoreac-

curately, weproposedthreemethodsfor improving tf-idf schemefor Web
pagesusingtheir hyperlinkedneighboringpages.Our approachis novel
in improving tf-idf basedfeaturevectorof targetWebpageby reflecting
thecontentsof its hyperlinked neighboringpages.Then,we conducted
experimentswith regardto thefollowing threemethods:x the methodfor reflectingthe contentsof all Web pagesat levels
up to y z > 4�| @EM in thebackwarddirectionandlevelsup to y zX~ � @ | @EM in the
forwarddirectionfrom thetargetpage� @	A�@ ,x themethodfor reflectingthecentroidvectorsof clustersgenerated
from Webpagegroupscreatedateachlevel upto y z > 4�| @NM in thebackward

directionandeachlevel up to y}z�~ � @ | @EM in theforwarddirectionfrom the
targetpage� @	A,@ ,x themethodfor reflectingthecentroidvectorsof clustersgenerated
from Webpagegroupscreatedat levelsupto y{z > 4�| @NM in thebackwarddi-

rectionandlevelsup to y{zX~ � @ | @NM in theforwarddirectionfrom thetarget
page��@�A,@ ,
andevaluatedretrieval accuracy of improvedfeaturevectorobtainedfrom
eachmethodusingrecallprecisioncurves. RegardingMethodI, we can
generateamoreaccuratefeaturevectorof Webpageby utilizing thecon-
tentsof all Webpagesat levelsup to at leastsecondin thebackwardand
forward direction from the target page� @	A�@ . In the caseof Method II,
we foundthatthereis strongsimilarity betweenthefeaturevectorof the
targetpage� @	A,@ andthe centroidvectorgeneratedby the groupof Web
pagesat eachlevel up to first in the backward and forward directions
from ��@�A,@ . On the otherhand,the similarity between��@�A,@ andthe cen-
troid vectorgeneratedby thegroupof Webpagesat eachlevel from ��@	A�@
reducesasthenumberof theshortestdirectedpathfrom ��@	A�@ increases.
With regardto MethodIII, a moreaccuratefeaturevectorof Web page
is generatedwhenwe usethecontentsof Webpagesat levelsup to sec-
ond in the backward directionfrom ��@	A�@ . Furthermore,comparedwith
respectivebestretrieval accuracy obtainedusingthesethreemethods,we
found that in-linked pagesof a target pagemainly affect for generating
featurevector that representsthe contentsof the target pagemore ac-
curately. Consequently, it is assumedthat moreaccuratefeaturevector
of Web pagescanbe generatedby assigninghigherweight to in-linked
pagesratherthanout-linkedpagesof atargetpage.Weplanto verify this
assumptionin futurework.

In this paper, we usedthe ¦ -meansalgorithmin orderto classifythe
featuresof in- andout-linkedpagesof a targetpage.However, sincewe
have to set the numberof clustersinitially in the ¦ -meansalgorithm,
weconsiderthisalgorithmto beinappropriatefor classifyingthefeatures
of Web pagesthathave variouslink environments.Therefore,in future
work, we planto devisesomeclusteringmethodsappropriatefor various
link environmentsof Web pages. Moreover, in this paper, we focused
on thehyperlinkstructuresof theWebaimingat generatingmoreaccu-
ratefeaturevectorsof Webpages.However, in orderto satisfytheuser’s
actualinformationneed,it is moreimportantto find relevant Web page
from theenourmousWebspace.Therefore,we planto addressthetech-
niqueto provideuserswith personalizedinformation.
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Figure4 Comparisonof searchaccuracy obtainedusingMethodI [(MI-a): in-link pagesonly, (MI-b): out-link

pagesonly, (MI-c): bothin-link andout-link pages].
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Figure5 Comparisonof searchaccuracy obtainedusingMethodII [(MII-a): in-link pagesonly].
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Figure6 Comparisonof searchaccuracy obtainedusingMethodII [(MII-b): out-link pagesonly].
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Figure7 Comparisonof searchaccuracy obtainedusingMethodII [(MII-c): bothin-link andout-link pages].
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Figure8 Comparisonof searchaccuracy obtainedusingMethodIII [(MIII-a): in-link pagesonly].
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Figure9 Comparisonof searchaccuracy obtainedusingMethodIII [(MIII-b): out-link pagesonly].
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Figure 10 Comparisonof searchaccuracy obtainedusing Method III [(MIII-c): both in-link and out-link

pages].


