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ABSTRACT

In IR (information retrieval) systemsbasedon the vector space
model,thetf-idf schemas widely usedto characterizelocuments.
However, in the caseof documentswith hyperlink structuresuch
asWebpagesit is necessaryo develop atechniquefor represent-
ing the contentsof Web pagesmore accuratelyby exploiting the
contentsof their hyperlinked neighboringpages.In this paper we
first proposeseveral approacheso refining the tf-idf schemefor a
targetWeb pageby usingthe contentsof its hyperlinked neighbor
ing pagesandthencompareetrieval accuray of our proposeap-
proachesExperimentatesultsshav that,generallymoreaccurate
featurevectorsof atargetWebpagecanbegeneratedh the caseof
utilizing the contentof its hyperlinkedneighboringpagesatlevels
up to secondn the backwarddirectionfrom thetargetpage.

Categoriesand Subject Descriptors
H.3.1[Content Analysis and Indexing]: Indexing methods;H.5

[Information Interfacesand Presentatior]: Hypertext/Hypermedia

General Terms
Algorithms, PerformanceExperimentation

Keywords
WWW, Informationretrieval, TF-IDF schemeHyperlink

1. INTRODUCTION

The WWW (World Wide Web)is a usefulresourcefor usersto
obtaina greatvariety of information. Threebillion Webpagesare
the lower boundthat comesfrom the coverageof searchengines
[3], andit 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-
stancesWeb searchenginesare oneof the mostpopularmethods
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for finding valuableinformationeffectively, andthey areclassified
into two generationdasedon theirindexing techniqueg6]. In the

first-generatiorsearchenginesdevelopedin the early stageof the

Web,only termsincludededn Webpageswereutilized asindexes.
Thereforethetraditionaldocumentetrieval techniquevasmerely
appliedto Web pagesearch. However, Web pageshave peculiar
featuressuchashyperlink structuresor arein numbersoo greatto

searcheffectively. Consequenthusersarenotsatisfiedwith easeof

useandretrieval accurag of the searchenginesbecauseuchfea-
turesof Web pagesarenot exploitedin the first-generatiorsearch
engines.

To dealwith theseproblemsjn thesecond-generatiosearctren-
ginesthehyperlinkstructureof Webpagesaretakeninto account.
For example theapproachesalledPageRanK18] andHITS (Hy-
pertext InducedTopic Search)14] areappliedto Googlé [5] and
the searchengineof the CLEVER project[13], respectiely. In
thesealgorithms,weighting Web pagesbasedon hyperlink struc-
turesachieves higher retrieval accurag comparedwith the first-
generatiorsearchengines.However, thesealgorithmshave short-
comingsin that (1) the weight for a Web pageis merely defined;
and (2) the relativity of contentsamonghyperlinked Web pages
is not considered.Taking thesepointsinto account,Davison [10]
concentratedntextual contentandshavedthatWebpagesaresig-
inificantly morelik ely to berelatedtopically to pageso which they
arelinked. Basedon this finding, his researctgrouphasreleased
the searchengine“Teoma” that doescontet-sensitie HITS on
thelines of the CLEVER project. This searchengineusesthe con-
ceptof “Subject-SpecifidPopularity[1],” which ranksa site based
onthenumberof same-subjegtagegshatreferencet, notjustgen-
eral popularity to determinea site’s level of authority However,
the problemof Web pagesirrelevant to a users query often be-
ing ranked highly still remains. Hence,in orderto provide users
with relevantWeb pagesit is necessaryo developatechniquefor
representinghe contentsof Web pagesmoreaccurately In order
to achieve this purpose we have proposedsomemethodsfor im-
proving a featurevectorfor atargetWeb page[23]. Our proposed
methods,hawever, also have a problemin that only Web pages
out-linked from a target Web pageare usedin orderto generate
featurevector of the target Web page. Since Web pagesusually
hastheir in- andout- linked pagesin the caseof generatingnore
accuratefeaturevectorof a Web page,it is necessaryo useboth
its in- andout- linked pages.Therefore jn this paper we first pro-
posethreeapproacheso refiningthetf-idf schemd22] for atarget
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Web pageusingbothits in- and out-linked pagesin orderto rep-
resentthe contentsof the target Web pagemoreaccurately Then,
we compareretrieval accurag of our proposedapproachesising
the refinedfeaturevector Our approachs novel in refining tf-idf
basedeaturevectorsof targetWebpagedy reflectingthe contents
of their hyperlinkedneighboringWebpages.

The remainderof this paperis organizedasfollows: In Section
2, wereview relatedwork usinghyperlinkstructureof theWeh In
Section3, we proposenovel approacheso refiningfeaturevectors
for Web pagesby using their hyperlinked neighboringpages. In
Section4, we presentthe experimentalresultsfor evaluatingour
proposednethodsFinally, we concludethe paperwith asummary
anddirectionsfor futurework in Section5.

2. RELATED WORK

Hyperlink structuresareoneof thefeatureof WebpagesUsers
cannavigatethehugeWebspaceeasilythroughthishyperlinkstruc-
tures;therefore,mary researchesn Web IR have beenfocusing
on the Web’s hyperlink structures. In this section,we review re-
latedwork of IR systemausingthe Web's hyperlink structureses-
pecially the systemshasedon the conceptof “optimal document
granularity” andthe two mostpopularWeb pageweightingalgo-
rithms, HITSandPageRank

2.1 IR Systemsbasedon the Conceptof “Op-
timal DocumentGranularity”

With respecto thisresearctareawe referto thefollowing works.
Tajimaetal. [25] presented techniquewhich uses‘cuts’ (results
of Webstructureanalysis)ysretrieval unitsfor theWeh Moreover,
they extendedo ranksearctresultsinvolvedmultiple keywordsby
(1) finding minimal subgraphf links and Web pagesincluding
all keywords;and(2) computingthe scoreof eachsubgraptbased
on locality of the keywordswithin it [24]. Following theseworks,
Li etal. [16] introducedthe conceptof “informationunit,” which
canberegardedasalogical documentonsisitingof multiple phys-
ical Web pagesasoneatomicretrieval unit, and proposeda novel
framawork for documentretrieval by informationunits. However,
theseapproachesequireconsiderablerocessingime to analyze
hyperlink structuresandto discover the semanticf Web pages.
In addition,while thesesystemscanfind retrieval units exactly; it
oftenarisesthatthey find retrieval unitsirrelevantto the userspec-
ified queryterms.As for theseworks, we do not believe thatusers
could understandhe searchresultsintuitively, becausehesesys-
temsreturnthe searchresultswherethe multiple querykeywords
dispersen severalhyperlinkedWebpages.

2.2 HITS Algorithm

Kleinbeig [14] originally developedHITS algorithmappliedto
theWebsearchenginein the CLEVER project[13]. Thisalgorithm
depend®nthequeryandconsiderghe setof pagesS thatpointto
or areredirectedby pagesn theanswer Webpageghathave mary
links pointingto themin S arecalledauthorities while Webpages
thathave mary outgoinglinks arecalledhubs Thatis to say better
authoritiescomefrom incomingedgesfrom goodhubsandbetter
hubscomefrom outgoingedgesto goodauthorities Let H (p) and
A(p) bethe hub andauthority scoreof pagep. Thesescoresare
definedsuchthatthefollowing equationsaresatisfiedfor all pages

p:
> A

ueS|p—u

H(p) = Ap)= Y, H(),

veS|v—p

where H(p) and A(p) arenormalizedfor all Web pages. These

scorescanbe determinedhroughaniterative algorithm,andthey
convergeto the principaleigervectorof thelink matrix of S.

SeveralresearcherBave extendedheabove original HITS algo-
rithm. For instancethe ARCalgorithmof Chakrabartetal. [8] en-
hancedthe HITS algorithmwith textual analysis. ARC computes
a distance-2neighborhoodgraphandweightsedges. The weight
of eachedgeis basedon the matchbetweenthe querytermsand
thetext surroundinghe hyperlinkin the sourcedocument.In [4],
Bharatetal. introducedadditionalheuristicsto HITS algorithmby
giving a documentan authority weightof 1/ if the documentis
in a group of k& documentson a first hostwhich link to a single
documentbn a seconchost,anda hubweightof 1/1 if therearel
links from the documenbn a first hostto a setof documenton a
secondhost. However, the major problemin this techniques that
the Web pagesthat the root documentpoint to get the largestau-
thoritiy scoreshecause¢hehubscoreof therootpagedominatesall
the otherswhena Web pagehasfew in-links but a large number
of out-links, mostof which are not very relevantto the query In
orderto solve this problem,Li etal. [15] proposeda new weighted
HITS-basednethodthatassignsappropriateveightsto in-links of
root Web pagesand combinedcontentanalysiswith HITS-based
algorithm. In addition, Chakrabartiet al. [7, 9] considerechot
merelythe text of Web pagebut alsothe DocumentObjectModel
(DOM) within the HTML. This improveson intermediatevork in
the CLEVER project[13] that broke hubsinto piecesat logical
HTML boundaries.

2.3 PageRankAlgorithm

PageRanlsimulatesa usernavigatingrandomlyin the Webwho
jumpsto a randompagewith probability d, or follows a random
hyperlink with probability 1 — d. It is further assumedhat this
userneverreturnsto a previously visited pagefollowing analready
traversedhyperlink backwards. This processanbe modeledwith
a Markov chain,from which the stationaryprobability of beingin
eachWeb pagecanbe computed.This valueis thenusedasa part
of the rankingmechanisnusedby Google[5]. Let C(a) bethe
numberof outgoinglinks from Web pagea andsupposehat\Web
pagesp: to p, point to the Web pagea. Then, the PageRank,
PR(a) of a is definedas:

- PR(Pi)
Cpi)’

wherethevalueof d is empirically setto about0.15-0.2by thesys-
tem. Theweightsof otherWebpagesarenormalizedoy thenumber
of links in theWebpage.PageRanlcanbe computedisinganiter-
ative algorithm,andcorrespondso the principaleigervectorof the
normalizedink matrix of the Weh Themajorproblemsof this al-
gorithmarethat(1) the contentsof Web pagesarenotanalyzedso
the“importance”of agivenWebpageis independentf thequery;
and(2) specificfamousWeb sitestendto be ranked more highly.
To yield moreaccuratesearchresults,Rafiei et al. [20] proposed
usingthe setof Webpageshatcontainsometermsasa biassetfor
influencingthe PageRankcomputationwith the goal of returning
termsfor which a given pagehasa high reputation. Furthermore,
Haveliwala[11] proposeccomputinga setof PageRankvectorsto
capturemoreaccuratelythe notion of importancewith respecto a
particulartopic.

PR(a) =d+ (1 —d)

i=1

3. PROPOSEDMETHOD

Aswedescribedn Section2.1,thelR system$asednthecon-
ceptof “optimal documengranularity” have a problem,in thatthe
searchresultsareincomprehensibléor users Moreover, HITS [14]



and PageRanl5] alsohave problems: (1) the weight for a Web
pageis merely defined;and (2) the relativity of contentsamong
hyperlinked Web pagesds not considered.

Onthebasisof theseproblemsthefeaturevectorof aWebpage
shouldbegeneratedy usingthe contentsf its hyperlinkedneigh-
boring pagesn orderto representhe contentsof Web pagesmore
accurately We, therefore proposerefiningthe tf-idf schemefor a
targetWeb pageby usingthe contentf its hyperlinked neighbor
ing pagesUnlike researchedescribedn the previoussection,our
approachs novel in refiningtf-idf basedfeaturevectorof atarget
Web pageby reflectingthe contentsof its hyperlinked neighbor
ing Webpages Ourapproachs query-independengndlink-based
computationsreperformedffline aswell asPageRanlkalgorithm.
At querytime, we only computethe similarity betweertherefined
featurevectoranduserspecifiedquery Therefore the query-time
costsarenot muchgreaterthanHITS algorithmwhosequery-time
costsdependonthequery

In the following discussion|et a target pagebe p:y:. Then,we
definei asthe numberof the shortestirectedpathfrom py:. Let
usassumehatthereare N; Webpageqp;,, i , ,pi )inthe

it level from p;4;. Moreover, we denotethe featurevector
of p¢g: asfollows:
p p P
v :( tv 0t st )’ 1)

where isthenumberof uniquetermsin the Webpagecollection,

and (k=1, , , )denotegheeachterm. Usingthe tf-idf
schemewealsodefinetheeachelement ¥ of P asfollows:
P ( ,ptgt) N
= ; @
‘ -1 (. pegr) ()

where ( ,pie) is the frequeny of term  in the target page
pegt, N is thetotal numberof Webpagesn the collection,and
d () is thenumberof Webpagesn whichterm appearsBe-
low, wereferto P  asthe“initial featuevector” Subsequently

we denotetherefinedfeaturevector P  asfollows:
P _ p p p
- ( t1 st ’ st )1

andrefertothis P  asthe“refinedfeatuevector” In thispaper
we proposehreeapproacheso refiningthe“initial featurevector”
basedbon thetf-idf schemelefinedby Equation(2) asfollows:

Method | the approachrelieson the contentsof all Web pagesat lev-

elsupto  ,, * in the backwarddirectionandlevels up to
« b intheforwarddirectionfrom thetargetpagep:¢,

Method Il the approachrelies on the centroidvectorsof clustersgen-

eratedfrom Web pagegroupscreatedat eachlevel up to
U inthebackwarddirectionandeachevelupto ;¢
in theforwarddirectionfrom thetargetpagep: gz,

Method Il the approactrelieson the centroidvectorsof clustersgener

atedfrom Web pagegroupscreatedat levelsupto  ;, °

in the backward directionandlevelsupto  ,; * in the
forwarddirectionfrom thetargetpagep:q:.-

Method |

In this approachywe reflectthe contentsf all Webpagesat levels
upto ;. ' inthebackwarddirectionandlevelsupto  ,; * in
theforwarddirectionfrom thetarmgetpagep:4:. Basedontheideas
that (1) thereare Web pagessimilar to the contentsof p.g: in the
neighborhoodNeb pagesof p:4:; and(2) sinceon onehandsuch
Web pagesxist right nearp.q:, onthe otherhandthey might exist
far removed from p¢4: in the vectorspace we reflectthe distance
between P  andfeaturevectorof in- andout-linked pagesof

Degt iN the vector spaceon eachelementof initial featurevector
P Forexample Figurel(a)shavsthat P isgeneratedy
reflectingthe contentsof all Web pagesat levels up to secondin
thebackwardandforwarddirectionsfromp;g: on P . In Figure
1(a).ps andp; correspondothe * pagein thei® level
in the backward andforward directionsfrom p.4¢, respectrely. In
addition, Figure 1(b) shaws that refinedfeaturevector ? is
generateddy reflecting eachfeaturevector of in- and out-linked
pagesof p¢y: ontheinitial featurevector P . In thisapproach,

eachelement ” of P isdefinedasfollows:
p P
t t
p
- t
p
i=1 =1 P
p
t
— 3
T 3)
=1 =1

Equation(3) shaws that the productof tp

in Webpagep; ) andthereciprocalofdi ( ?
(thedistancebetween ?» and
similarly, the productof f (weightof term
Di ) andthereciprocalof di ( ? P ) (thedistance
between ? and ” in thevectorspace)s addedo 7

(weightof term  in p¢y¢, computedby Equation(2)) with respect
to all Webpagesatlevelsupto ;, ! in the backwarddirection
andlevelsupto .. * in theforwarddirectionfrom p;.. If the
distancebetween » and * , P in thevectorspace
is very close,the valuesof the secondandthird termsof Equation
(3) canbe dominantcomparedwith the first term 7 . There-
fore, in orderto prevent this phenomenonwe alsodefine i

which denotegshe numberof uniquetermsin the Web pagecollec-
tion.di ( » , * )anddi ( ?» , 7 ) aredefined
thefollowing equationsrespectiely:

(weight of term
p

)
in thevectorspace)and
in Webpage

di(* " )= S(r -7 )

Method II
In this approachyve first construcMWebpagegroups ;  ateach
levelupto ;, " inthebackwarddirection,and ; ateach

in the forward directionfrom the target page
pegt- Then,we generate P by reflectingcentroidvectorsof
clusterggeneratedrom ; and ; oninitial featurevector

P . This approachis basedon theideathatWeb pagesat each
level in the backward andforwarddirectionsfrom p. . is classified
into sometopicsin the eachlevel. In addition,we reflectthe dis-
tancebetween P  andthecentroidvectorsof the clustersin the
vectorspaceon eachelemenbf theinitial featurevector ? . In
otherwords, we first createWeb pagegroups and ;
definedasfollows:

levelupto  ,;°

i = Pil s Pi 3 y Di ) (4)
[ = Di1 yPi ’ » Di ) (5)
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Figure 1: The refinementof a feature vector asperformed by Method | [(a) in the Web space,(b) in the vector space].
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centroid vectors
of the clusters

Figure 2: The refinementof a feature vector asperformed by Method Il [(a) in the Web space (b) in the vector space].

clustersin eachWeb pagegroup ; and
by meansof the -meansalgorithm[17]. The centroid

g and ¢ ( =1, , , )areproducedn
i , respectiely. We generatarefinedfeaturevec-

by reflectingthe distancebetweereachcentroidvector

andtheinitial featurevector » on P

For |nstanceF|gure2(a)shoNs thatwe constructWWebpagegroups
1 1 , and at eachlevel up to second

in the backv\ard and forvvard directionsfrom p¢4:, and generate

arefinedfeaturevector ? by reflectingthe centroidvectors

of eachclusterproducedn eachWeb pagegroup

andthenproduce
[
vectors

and
p

i

tor
9

1 )

1 ,and ,on P . Moreover, Figure2(b) shavs that
refinedfeaturevector P is generateddy reflecting centroid
vectorsof eachclusteron P . In thisapproachwe defineeach
element * of P asfollows:

P _ P
t - t
g
Lo
i i=1 =1 dZ ! )
1 g
+ — 6)

. (weightof term
constructedrom

Equation(6) shaws thatthe productof
in centroidvector ¢ of cluster

andthereciprocalof di ( ? ¥
P and

i

g9

of , (weightof term  in centroidvector

ter constructedrom ; ) andthereciprocabfdi ( ?

(thedistancebetween ?» and ‘
addedto ?  (weightof term

(2)) with respecto all centroidvectorsconstructediteachlevel up
to ;. ! inthebackwarddirectionandeachlevelupto
in theforwarddirectionfrom p;4¢. In addition,we introduce ¢

for the purposeof preventing the valuesof the secondand third

)

termsfrom dominatingcomparedwith the first term in Equation

6). di (* ¢ Yanddi ( * , 7 ) are defined
asfollows:
g p 9
di (* )= Z( t Tt )
=1
("0 )= Y7 - )

) (the distancebetween
in thevectorspace)and3|m|IarIy theproduct

of clus-

in thevectorspaceqre
in p:g¢, computedby Equation



Method Il

This approachs basedon the ideathat Web pagesat levels up to
in © inthebackwarddirectionandlevelsupto . ¢ inthe
forward directionfrom the target pagep:4: is composeddf some
topics. Accordingto this idea,we clusterthe setof all Web pages
atlevelsupto ;, * in the backward directionandlevels up to
«t © in the forward directionfrom p:y:, andgenerate ?
by reflectingcentroidvectorsof the clusterson the initial feature
vector P . Furthermorewe reflectthe distancebetween P
andthecentroidvectorof theclusterin thevectorspaceoneachel-

ementof P ;in otherwords,we createNebpagegroups ;
and ; asdefinedby Equation(7) and(8), respeciiely,
i = P11 y D1 s yP1 4 )
p1 P ) » P )
Pi1 y Di s s Di ) (7)
i = pu ,P1 ) yP1 4 )
b1 P ) P )
Di1 , Di ) »y Pi ) (8)
(=1, )

andproduce clustersn ; and ;

meansalgorithm. The centroidvectors
1, , ) areproducedn ; and ;

we generateefinedfeaturevector ?

by meansof the -

and ‘¢ ( =
, respectiely. Then,
by reflectingthedistance

g

betweereachcentroidvector ¢ , ¢ (=1,, ,)
andinitial featurevector » on P . ForinstanceFigure3(a)
shaws that we constructWeb pagegroups and at

levels up to secondin the backward and forward directionsfrom
pegt, andgenerataefinedfeaturevector P by reflectingthe
centroidvectorsof clustersproducedin Web pagegroup
and ontheinitial featurevector ? . FurthermoreFig-
ure3(b) shavsthatrefinedfeaturevector P  isgeneratedby re-
flecting centroidvectorsof eachclusterontheinitial featurevector
P Inthisapproacheachelement ,” of P isdefined
asfollows:

p p
t =

1 t
T Zdz’(p 7))

=1 )

o

g9

1 t
+Z.Zdi(p’g ) ©)

=1

Equation(9) shavs thatthe productof tg
in centroidvector 7 of cluster generatedrom ;
thereciprocalof di ( P g

(weightof term
) and
) (thedistancebetween ?

and 7 in the vectorépace)andsimilarly the productof el-
ementf (weightof term  in centroidvector 7 of
cluster generatedrom ; ) andthereciprocalof

i (7,7 ) (the distancebetween P and ?

in thevectorspace)areaddedto ;  (weightof term  in peg

computedby Equation(2)), with respectto the numberof clus-
ters As mentionedin Method | and I, in orderto prevent
the value of the secondand third termsof equation(9) from be-
coming dominantcomparedwith the original termweight
we introduce i , which denoteshe numberof uniquetermsin

the Web pagecollection. We alsodefined: ( * ¢ )and

di (P07

). (10)

—
-
|

-

Sero L)

(1)

o+

4. EXPERIMENT
4.1 Experimental Setup

We conductedxperimentsn orderto verify the retrieval accu-
ragy of our threeapproacheslescribedn Section3. They were
implementedusingPerl on aworkstation(CPU: UltraSparc-11480
MHz 4, Memory: 2 GBytes,0S: Solaris8), andthe experiments
wereconductedisingthe TRECWT10gtestcollection[12], which
containsabout1.69 million Web pages. Stop words were elimi-
natedfrom all Web pagesin the collectionbasedon the stopword
list® andstemmingwasperformedusingPorterStemmet [19]. We
formulatedqueryvector  usingthe termsincludedin the “title”
field in Topicsfrom 451to 500atthe TRECWT10gtestcollection.
Thisqueryvector is denotedasfollows:

:(tlﬂfs 1f)~,

is thenumberof uniquetermsin the Webpagecollection,

(12)

where

and (k=1, , , ) denotegheeachterm. Eachelement ;
of isdefinedasfollows:
() N
= + — (13)
' S O) d()
k=1, )
where ( ),N ,andd ( ) isthenumberof index terms

thetotal numberof Web pagesn thetestcollection,andthe num-
ber of Web pagesin whichtheterm  appearsrespectiely. As
reportedin [21], Equation(13) is the elementof a query vector
that bringsthe bestsearchresult. We then computethe similarity

i (P , ) betweerrefinedfeaturevector P andquery
vector .The ¢ ( P , )isdefinedasfollows:

. p

(") =— (14)

Basedonthevalueof ¢ ( P , ), weevaluateretrieval accu-
ragy using“precisionat 11 standardecalllevels” describedn [26,
2].

4.2 Experimental Results

Method |
Wegeneratedefinedfeaturevector P for initial featurevector
P of tamgetpagep:4: With respecto thefollowing threecases:

(Ml-a) wherethe contentsof all Web pagesatlevelsupto  ;, ¢
in only thebackwarddirectionfrom p:4: reflectontheinitial
featurevector P

(MI-b) wherethe contentsof all Webpagesatlevelsupto ;¢
in just the forward directionfrom p.4. reflecton the initial
featurevector ?

3ftp:/fitp.cs.cornell.edu/pub/smart/english.stop
*http:/ww.tartarus.oy/%7Emartin/PorterStemmer/
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Figure 3: The refinementof a feature vector asperformed by Method Il [(a) in the Web space (b) in the vector space].

(MI-c) wherethe contentsof all Web pagesat levels both up to
in U inthebackwarddirectionandupto  ,, * inthe
forwarddirectionfrom p;,. reflecton theinitial featurevec-

tor P

Usingtheserefinedfeaturevectors,we verified the retrieval accu-
rag.. Figure4 shaws the experimentalresultsof (Ml-a), (MI-b),
and (Ml-c). In thesefigures,the valueof ,, and ,; rep-
resentghe maximumvalueof ¢, which denoteghe numberof the
shortestlirectedpathfrom p;4: asFigurel(a)illustrates.As shavn
in (Ml-a) and(MI-b), we found that we cannot obtain muchim-
provementin retrieval accurag comparedwith the tf-idf scheme
whenusing only in-linked pagesor only out-linked pagesof the
target pagep:q:. In Figure 4(Ml-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 the backward andforward directionsfrom pq:
on P | asFigure4(MI-c) shavs, we canobtainslightimprove-
mentin retrieval accurag (only +0.007improvement). However,
Figure 4(Ml-c) illustratesthat, whenreflectingthe contentsof all
Web pagesat levelsup to secondor third in the backward andfor-
warddirectionsfrom p;g: on , we canobtainmuchbetterre-
trieval accurag comparedvith the tf-idf schemg+0.028,+0.029
improvement,respectiely). Therefore,in generalwe found that
we cangeneratea moreaccurateeaturevectorof Webpageby re-
flectingthe contentsof all Webpagesatlevelsupto atleastsecond
in thebackwardandforwarddirectionsfrom thetargetpagep:g:.

Method II
Wegeneratedefinedfeaturevector P for initial featurevector
P of tamgetpagep:4: With respecto thefollowing threecases:

(Mll-a) wherethecentroidvectorsof clustersgeneratedby thegroup
of Webpagesateachevelupto ;, * inonlythebackward
directionfrom p.,. reflectontheinitial featurevector ? ,

(MII-b) wherethecentroidvectorsof clustersggeneratedby thegroup
of Webpagesateachlevelupto ;¢ injusttheforward
directionfrom p.4: reflectontheinitial featurevector ?

(MIl-c) wherethecentroidvectorsof clustersgeneratedby thegroup
of Webpagesateachevel bothupto  ;,, * inthebackward
directionand up to ¢ b in the forward direction from

pege reflectontheinitial featurevector ?

We thenconductedxperimentgo verify theretrieval accarag us-
ing theserefinedfeaturevectors. Figures5, 6 and 7 showv the ex-
perimentakesultsof (Mll-a), (Mll-b), and(MII-c), respectiely. In
thesefigures,the valueof = meansthe numberof clusterspro-
ducedby Webpagegroupsdenotediy Equation(4), and(5).

In regardto (Mll-a), we could obtainthe bestretrieval accurayg
whenwe generatea refinedfeaturevectorthatconsideredhecon-
tentsof Webpagesteachlevel uptofirstin thebackwarddirection
from p.4:, comparedvith thetf-idf schemgFigure5, ,, =1,
+0.027improvement). However, we could not obtain notablere-
trieval accurag when we generateda refinedfeaturevector that
consideredhe contentsof Web pagesat eachlevel up to second
(Figure5, ,, = ) orthird (Figure5, ,, = ) in theback-
ward direction from a p:4¢, comparedwith the tf-idf scheme(at
best,+0.011,+0.018improvementrespectiely).

Regarding(Mll-b), aswell as(Mll-a), we could obtainthe best
retrieval accuray whenwe generated refinedfeaturevectorthat
consideredhecontentf Webpagesateachlevel uptofirstin the
forwarddirectionfrom p;4:, comparedvith thetf-idf schemgFig-
ure6, ,; = 1, +0.024improvement). However, like (Mll-a),
we could not obtainnotableretrieval accurag whenwe generated
arefinedfeaturevectorthat consideredhe contentsof Web pages
at eachlevel up to second(Figure6, ,; = ) orthird (Figure
6, . = )intheforwarddirectionfrom p:4: (atbest,+0.020,
+0.016improvementrespectiely).

Furthermoreregarding(Mll-c), just aswith (Mll-a) and (MII-
b), we could obtain the bestretrieval accurag whenwe gener
ateda refinedfeaturevectorthat consideredhe contentsof Web
pagesat eachlevel up to first in the backward and forward di-
rectionsfrom p.q:, comparedwith the tf-idf scheme(Figure 7,

in =1, 4 = 1, +0.024improvement). However, just as
with (Mll-a) and (MlI-b), neithercould we obtainremarkablere-
trieval accurag when we generateda refinedfeaturevector that
consideredhe contentsof Web pagesat eachlevel up to second
(Figure7, ;, = , . = ,atbest+0.012improvement)or
third (Figure7, ;, = , 4 = ,atbest,+0.012improve-
ment)in the backwardandforward directionsfrom pg¢.

Basedon the findings describedaborve, we found that, with re-
gardto thecontentof Webpage thereis strongsimilarity between
the featurevector of the target pagep:,: andthe centroidvector
generatedby Webpagegroupsat eachlevel up to first in the back-
ward andforward directionsfrom p;4:. However, we alsofound
that similarity betweenthe featurevectorof p.,; andthe centroid



vectorgeneratedby thegroupof Webpagesateachlevel from p.g¢
reducesasthevalueof ¢, which denoteshe numberof the shortest
directedpathfrom p.4:, increases.

Method IlI
We generatedefinedfeaturevectorfor tamget pagep:4: with re-
spectto thefollowing threecases:

(Mlll-a) wherethecentroidvectorsof clustersggeneratedy thegroup

of all Webpagesatlevelsupto ;, * in the backward di-
rectionfrom p.4. reflectontheinitial featurevector ?

(Mlll-b) wherethe centroidvectorsof clusterggeneratedy thegroup

of all Web pagesatlevelsupto  ,; * in the forward di-

rectionfrom p.4: reflectontheinitial featurevector ? |

(Mlll-c) wherethecentroidvectorsof clustersggeneratedy thegroup

of all Web pagesat levelsupto ;, * in the backward
directionandlevelsupto ., * in theforward direction
from pqg4: reflectontheinitial featurevector P

We thenconductedxperimentgo verify theretrieval accurag us-
ing theseimproved featurevectors. Figures8, 9, and10 shav the
experimentalresultsof (Mlll-a), (MllI-b), and (Mlll-c), respec-
tively. In thesefigures,the valueof  representshe numberof
clustersgeneratecby Web pagegroupsdenotedby Equation(7),
and(8).

Regarding (Mlll-a), in comparisorwith the tf-idf schemewe
could obtainthe bestretrieval accurag whenwe generated re-
fined featurevectorthat consideredhe contentsof Web pagesat
levels up to secondn the backward directionfrom p.4: (Figures,

in = , +0.032improvement). Furthermore whenthe Web
pagegroupswereproducedrom all Webpagesatlevelsupto sec-
ond (Figure8, ;, = ) orthird (Figure8, ,, = )inthe
backward direction from p:4:, we could obtain the bestretrieval
accuray asthevalueof  equaledthree. We infer from this fact
thattopicsof Webpagethatpointto thetargetpagep:: aregener
ally composeaf threetopics.

In regardto (Mlll-b), we couldobtainthebestretrieval accurag
whenwe generatea@refinedfeaturevectorthatconsideredhecon-
tentsof all Webpagestlevelsupto secondn theforwarddirection
from p.4:, comparedvith thetf-idf schemgFigure9, wt =
+0.028improvement).In addition,in thecaseof (MllI-b), wecould
obtainthebestretrieval accurag whenthevalueof — equaledhree
inary casewhere ,, =1, 4+ = , . = .Wecanin-
fer from this factthattopicsof Web pageghatwe canfollow from
Degt IS Oftencomposedf threetopics.

Finally, in regardto (Mlll-c), the bestretrieval accurag is ob-
tainedwhenwe generatedh refinedfeaturevectorthatconsidered
the contentsof all Web pagesat levels up to secondin the back-
ward and forward directionsfrom p.4:, comparedwith the tf-idf

scheme(Figure 10, ;, = w = , +0.026improve-
ment). Furthermorejn ary casewhere[ in =1, 4 =1],
[ in T ut — ] [ in T ut — ]v we could ob-
tainthebestretrieval accurag whenthevalueof  equaledhree.

Therefore hyperlinked Web pagedn the neighborhoodf atamet
pagetendto have aboutthreetopics.

As we describedabore, the bestretrieval accuray is obtained
whenwe generateefinedfeaturevectorsconsideringhe contents
of all Web pagesat levels up to secondin the backward direction
fromp:4: in (Mlll-a), andconsideringhecontentf all Webpages
atlevelsup to secondn the forward directionfrom p.4: in (MIII-
b). Therefore we caninfer thattheresultin (Mlll-c) is the effect
obtainedby memgingthe bestresultsof (Mlll-a) and(MllI-b).

4.3 Summary of Experimental Results

In summaryFigure 11 illustratesthe comparisorof the bestre-
trieval accurag obtainedusingthe Methodl, Il, andlll described
in the previous section. Accordingto theseresults,we found that
we could obtainthe bestretrieval accurag in comparisorwith the
tf-idf schemejn the caseof generatingefinedfeaturevector by
creatinga group of all Web pagesat levels up to secondin the
backward direction from p:4: and producingthree clustersfrom
the groupin Methodlll. In addition,Figure 11 shaws that,in ary
caseof Methodl, 11, andlll, the bestretrieval accuray is obtained
usingthe contentof in-linked pageof atargetpage.Thereforejt
is assumedhatmoreaccuratdeaturevectorsof Webpagescanbe
generatedby assigninchigherweightto in-linkedpagegatherthan
out-linked pagesof atargetpage.

average

precision improvement

‘(MI-a),
*f»‘nﬂl's’ s

>

w

recall

Figure 11: Comparison of the best search accuracy obtained
using eachMethod |, 1l and Il1.

5. CONCLUSION

In this paper in orderto representhe contentsof Web pages
moreaccuratelywe proposedhreeapproacheto refiningthetf-idf
schemefor Web pagesusingtheir hyperlinked neighboringpages.
Our approachis novel in refining the tf-idf basedeaturevectorof
targetWebpageby reflectingthe contentof its hyperlinkedneigh-
boring pages.Then,we conductedexperimentswith regardto the
following threeapproaches:

the approactrelieson the contentsof all Web pagesat lev-
elsupto ;, * in thebackwarddirectionandlevelsup to

« b intheforwarddirectionfrom thetargetpagep: ¢,

the approachrelies on the centroidvectorsof clustersgen-
eratedfrom Web pagegroupscreatedat eachlevel up to
in U inthebackwarddirectionandeachevelupto  ; *

in theforwarddirectionfrom thetargetpagep::,

theapproachrelieson the centroidvectorsof clustersgener
atedfrom Web pagegroupscreatedat levelsupto  ;,, *
in thebackwarddirectionandlevelsupto  ,, ¢ in thefor-
warddirectionfrom thetargetpagep::,

andevaluatedretrieval accurag of refinedfeaturevectorobtained
from eachapproactusingrecallprecisioncurves.RegardingMethod
I, we cangeneratea more accuratefeaturevectorof Web pageby
utilizing the contentsof all Web pagesat levelsup to at leastsec-
ond in the backward and forward directionsfrom the target page
Pegt- In the caseof Methodll, we foundthatthereis strongsim-
ilarity betweenthe featurevector of the target pagep:4: andthe
centroidvectorgeneratedby the groupof Web pagesat eachlevel
up to first in the backward andforward directionsfrom p¢g:. On



the otherhand, the similarity betweenp,,: andthe centroidvec-
tor generatedy the group of Web pagesat eachlevel from p:4:
reducesasthe numberof the shortestdirectedpathfrom p;4: in-
creasesWith regardto Methodlll, a moreaccuratedeaturevector
of Web pageis generatedvhenwe usethe contentsof Web pages
atlevelsupto secondn thebackwarddirectionfrom pe4:. Further
more, comparedwith respectie bestretrieval accurag obtained
usingtheseahreeapproachesyefoundthatin-linkedpageof atar
getpagemainly affect for generatingeaturevectorthatrepresents
the contentsof the target pagemore accurately Consequentlyit
is assumedhat moreaccuratdeaturevectorof Web pagescanbe
generatedby assigninchigherweightto in-linkedpagegatherthan
out-linked pagesf atargetpage.We planto verify thisassumption
in futurework.

In thispaperwe usedthe -meansalgorithmin orderto classify
thefeaturesof in- andout-linked pagesof atargetpage.However,
sincewe haveto setthenumberof clusterdnitially inthe -means
algorithm,we considerthis algorithmto be inappropriatefor clas-
sifying the featuresof Web pagesthat have variouslink environ-
ments. Therefore,in future work, we plan to devise someclus-
tering methodsappropriatefor variouslink ernvironmentsof Web
pages.Moreover, in this paperwe focusedon the hyperlink struc-
turesof theWebaimingatgeneratingnoreaccuratdeaturevectors
of Web pages.However, in orderto satisfythe users actualinfor-
mationneed,it is moreimportantto find relevant Web pagefrom
theenourmousVebspace Thereforewe planto addresshetech-
niqueto provide userswith personalizednformation.
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Figure 4: Comparison of search accuracy obtained using Method | [(MI-a): in-link pagesonly, (MI-b): out-link pagesonly, (MI-c):
both in-link and out-link pages].
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Figure 5: Comparison of search accuracyobtained using Method Il [(MIl-a): in-link pagesonly].
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Figure 6: Comparison of search accuracyobtained using Method Il [(MII-b): out-link pagesonly].
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Figure 7: Comparison of search accuracyobtained using Method Il [(MIl-c): both in-link and out-link pages].



average average average
T99°  improvement 9% improvement improvement
precision N precision precision
0.6 0.313 -
0.319 +0.006

0.330 +0.017
0.342 .

0 02 04 06 08 1 0.2 04 06 08 1
recall recall
Figure 8: Comparison of search accuracyobtained using Method Il [(MIlI-a): in-link pagesonly].
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Figure 9: Comparison of search accuracyobtained using Method 11l [(MIlI-b): out-link pagesonly].
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Figure 10: Comparison of search accuracyobtained using Method 11l [(Mlll-c): both in-link and out-link pages].



