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Abstract. This article presentsa new approachn orderto index a Web site. It uses
ontologiesand naturallanguagetechniquedor informationretrieval on the Internet.
Themaingoalis to build astructuredndex of theWeb site. This structureis givenby
aterminologyorientedontologyof a domainwhichis chosera priori accordingo the
contentof the Web site. First, the indexing processusesimproved naturallanguage
techniquego extractwell-formedtermstakinginto accountHTML markers.Second,
the useof a thesaurusallows us to associatecandidateconceptswith eachterm. It
malesit possibleto reasonat a conceptualevel. Next, for eachcandidateconcept,
its capacityto representhe pageis evaluatedby determiningits level of representa-
tivenesf the page.Then,the structuredndex itself is built. To eachconceptof the
ontology are attachedthe pagesof the Web site in which they are found. Finally, a
numberof indicatorsmale it possibleto evaluatetheindexing processf the Webssite
by the suggesteantology

keywords: InformationRetrieval onInternet,Indexing WebPagesOntologies Semantic
Indexing.

1 Introduction

Searchingfor information on the Internet meansaccessingnultiple, heterogeneougis-
tributedandhighly evolving informationsourcesMoreover, provideddataarehighly change-
able:document®f alreadyexisting sourcesnay be updatedaddedor deletednew informa-
tion sourcesnay appearr someothersmay disappeafdefinitively or not). In addition,the
network capacityandquality is a parametethatcannotbe entirelyneglected.In this context,
the questionis: how to searchfor relevantinformationon the Web more efficiently? Many
searchengineshelpusin this difficult task.A lot of themusecentralizeddatabaseandsim-
ple keywordsto index andto seekthe information.Within suchsystemstherecalf is often
relatively high. Corversely theprecisior? is weak.An intelligentagentsupportedy the Web
site may greatlyimprove theretrieval procesq[4], [1]). In this context, this agentknows its

!Recallis definedasthe numberof relevant documentsetrieved divided by the total numberof relevant
documentsn thecollection

2Precisioris definedasthenumberof relevantdocumentsetrieveddividedby thetotalnumberof documents
retrieved



pagescontent,is able to perform a knowledge-basedndexing processon Web pagesand
is ableto provide morerelevantanswerdo queries.In informationretrieval processeshe
major problemis to determinethe specificcontentof documentsTo highlight a Web site
contentaccordingto a knowledge,we proposea semi-automati@rocesswhich providesa
contentbasedndex of a Web site using naturallanguagetechniquesin contrastwith clas-
sical indexing tools, our processs not basedon keywords but ratheron the conceptshey
represent.

In this paper we firstly presentthe generalindexing process(section2). After having
exposedthe characteristiceof usedontologies(section3), we will indicatehow the repre-
sentatvenesf a conceptin a pageis evaluated(section4) and,finally, how this procesds
evaluatedtself (sectionb).

2 Overview of theindexing process

The main goalis to build a structuredindex of Web pagesaccordingto an ontology This
ontology providesthe index structure.Our indexing processcan be divided into four steps
(figurel.:

1. Foreachpageaflatindex is built. Eachtermof thisindex is associateavith its weighted
frequeng. This coeficient dependsn eachHTML marker thatdescribesachterm oc-
currence.

2. A thesaurusnakesit possibleto generateall candidateconceptsvhich canbelabeledby
atermof thepreviousindex. In ourimplementationywe usethe Wordnetthesaurug[23]).

3. Eachcandidateoncepbf apages studiedto determinats representatienes®f thispage
content.This evaluationis basedon its weightedfrequeng andon therelationswith the
otherconceptslt makesit possibleto choosehebestsensgconceptf atermin relation
to thecontect. Thereforethe morea concepthasstrongrelationshipsvith otherconcepts
of its page,the more this conceptis significantinto its page.This contetual relation
minimizestherole of theweightedfrequeng by growing theweightof thestronglylinked
conceptandby wealeningtheisolatedconceptgevenwith astrongweightedrequeny).

4. Amongthesecandidateconceptsafilter is producedvia the ontologyandtherepresenta-
tivenessf the conceptsNamely a selectedconceptis a candidateconceptthatbelongs
to the ontology and hasan high representatienessof the pagecontent(the representa-
tivenesexceedsathresholdof sensitvity). Next, thepageswvhich containsucha selected
concepfareassignedo this concepitinto theontology

Somemeasuresire evaluatedto characterizehe indexing processThey determinethe
adequag betweerthe Websiteandtheontology Thesemeasuresake into accounthenum-
ber of pagesselectedby the ontology the numberof conceptancludedin the pages..The
index is built asa XML file ([28]) andis independenof Web pages.

Our processs semi-automatidt enablegsheuserto have aglobalview of theWebsite. It
alsomalesit possibleto index a Web sitewithout beingthe ownerof thesepagesWe do not
regardit asa completelyautomaticprocessAdjustmentsshouldbe carriedout by the user
Thecounterparof this automatisatios, obviously, aworseprecisionof the processLastly,
comparedo theannotatiorapproachourindexing processmprovesinformationretrieval: it
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Figurel: Theindexing process

makesit possibleto reachdirectlythepagesoncerningaconceptBy contrasttheannotation
approachrequireso browseall the pagesf the Websiteto find this samenformation.Now,
we will studytwo significantelementsthe ontologyandthe methodto evaluatethe concepts.

3 Terminology oriented ontologies
3.1 Ontology definition

The term ontology comesfrom philosophy In this context, its definitionis: «systematiex-
planationsof the existence. Futhermoreresearchergr KnowledgeEngineeringgive other
more suitabledefinitionswith their concernsin this contet, their definitionsare strongly
dependenbn the authors point of view andon his useof ontologies[12, 13]. Somehave a
formal point of view andwork on abstractmodelsof ontologieswhile othershave a more
pragmaticapproach.

We have choserthis definition of ontology:“an ontology providesthe commonvocahu-
lary of a specificdomainanddefinesmote or lessformally, termsmeaningand someof their
relationships ([11]). In our contet, we thuscall ontology a hierarchyof conceptsdefines
in amoreor lessformal way. For instancefigure 2 shows an extract of the SHOE ontology
concerningheamericaruniversities.

3.2 Terminolayy orientedontology

The conceptf ontologiesareusuallyrepresentednly by a singlelinguistic term (alabel).
However, in our context, this term canbe at the sametime ambiguouqit representseveral
candidateconceptsiandnot alwaysunique(existenceof synoryms).As a result,within the
framework of texts written in naturallanguageijt is necessaryo determinethe whole set
of the synoryms (candidatelabels)to definein a single way a concept.Suchprocesscan



<?xm version="1.0" encodi ng="1S0O 8859- 1"
st andal one="no" ?>
<! DOCTYPE ont ol ogy SYS-
TEM "http://.../onto.dtd">
<ontol ogy id="university-ont" version="2.1"
description="...">
<def - cat egory nane="Departnment"
i sa="Educati onCr gani zati on"
short="uni versity depart -
ment "/ >
<def - cat egory nane="Progr ani
i sa="Educati onCr gani zati on"
short ="program'/ >
<def - cat egory nane="ResearchG oup"
i sa="Educati onCrgani zati on"
short="research group"/>
<def - cat egory nanme="Uni versi ty"
i sa="Educati onCr gani zati on"
short="uni versity"/>
<def-cat egory nane="Activity"
i sa="SHOEEnti ty"
short="activity"/>
<def - cat egory nane="Wr k"
isa="Activity"
short="wor k" />
<def - cat egory nane="Cour se"
i sa="Wor k"
short ="t eachi ng course"/ >

</ ont ol ogy>

Figure2: Extractof the SHOEontologyconcerninghe americaruniversities

be foundin a manualway in OntoSeek([14]) or in a semi-automatiavay in Mikrokosmos
([25]).

In our context, anontologyis a setof conceptsachonerepresentedhy a term (a label)
anda setof synoryms of this term,anda setof relationshipsconnectingtheseconceptdy
the specific/genericelationshipthe compositiorrelationship,..Currently the only relation-
shipwetake into accounis the“isa” relationshipWe call thistypeof ontologyaterminology
orientedontology Notethatourontologiesdo notreflectall theinherentaspectso formal on-
tologies([11]). Ourontologiesarecloseby their structureto thoseusedin the SHOE project
([21]). Moreover, we chooseXML format ([28]) to store our ontologiesand our indexing
results.The usedDTD is rathersimilar to the SHOEDTD but we mademodificationsand
extensiongo thislast.

We thusproposea processvhich makesit possibleto determineall the candidatdabels
of a concept.This procesds basedon a thesaurusand usesa numberof heuristicssimilar
with thoseproposedy the Mikrokosmosproject. Thegenerabprinciple of theseheuristicas
to try to make a correspondancketweerthe pathsaccordingto the“isa” relationshipin the



ontologyandthe pathsof hyperrymsin thethesaurusAccordingto the“matchingdegree”,a
moreor lesslarge confidencas givento suchor suchsetof synoryms(concept)Let usnote
thatexperimentausingtherelationshipof compositionhave notimprovedtheresults.

Theusercanmanuallyfinishthedisambiguatiomprocesof thelabels.Indeed theprocess
cannot alwaysselectin anunquestionablgvay the goodsetof synoryms. The definitionsof
the setsof candidateynorymsarepresentedn orderto helpto thisfinal choice.

However, the procesgivesresultsrathersatisactorysinceit chooseshe goodsenseor
nearly 75% of the labelsassociatedvith the conceptdor the ontology of the Universities
of SHOE([21]) andfor 95% of the labelafter severalmodifications(contradictionswith the
usedthesaurusveredeleted).

Theseevaluationsweredeterminedvith ontologiesfor which thewhole setof thelabels
associatedvith the conceptswas manuallydisambiguatedOf course,this disambiguation
processlepend®nthethesaurusised(in our caséWordnet).

4 Index building

The otherimportantpart of our processs the indexing processand the evaluationof the

importanceof aconceptin aHTML page.Therearetwo essentiakteps:(1) termsextraction

from Web pagesandcalculusof the weightedfrequeny and(2) determinatiorof candidate
conceptsandthe calculusof therepresentatienesof a concept.

4.1 Termsextraction

Thewell-formedtermsextractionprocessstartsby (1) removing HTML markersfrom Web
pages(2) dividing thetext into independensentencesand(3) lemmatizingwordsincluded
in the page.Next, Web pagesare annotatedvith part of speechtagsusingthe Brill tagger
([3]). As aresult,eachword in a pageis annotatedvith its correspondinggrammaticakat-
egory (noun,adjectve...).Finally, the surfacestructureof sentencess analyzedusingterm
patterndNoun,Noun+Noun Adjective+Noun...)[T to provide well-formedterms. For each
selectederm, we calculateits weightedfrequeng. The weightedfrequeng takesinto ac-
countthe frequeng of the term and especiallythe HTML markerswhich are linked with
eachof its occurrencesWe can notice that the frequeng is not a main criterion. Indeed,
we work with pageswhich are of ratherrestrictedsize comparedo large corporausedin
NLP (NaturalLanguageProcessing)Theinfluenceof the marker dependon its role in the
page For example themarker“TITLE” will giveaconsiderablémportanceo theterm(*10)
whereaghe marker“B” (for bold font) hasa quitelessinfluence(* 2). Thetable 1 givesthe
weight of the mostsignificantmarkers (the markersweightswere determinedn an exper
imentalway [10]). In a Web pagecontainingn differentterms,for a giventerm7; (with ¢
in 1..n), theweightedfrequeng F(T;) is determinedasthe sumof the p weightsof HTML
markersassociateavith thep termoccurenceslheresultis thennormalizedThis calculusis
showvnin formula(1) and(2) wherel; ; corresponds$o theHTML markerweightassociated
with the jth occurrencef thetermT;.

P(T;)
mazy=1.,(P(1}))

F(T) = (1)



<?xm version="1.0" encodi ng="1S0O 8859- 1"
st andal one="no" ?>
<! DOCTYPE ont ol ogy SYSTEM "http://.../onto.dtd">
<ontol ogy id="university-ont" version="3.0">
<def - cat egory nane="Course" short="teaching course"

i sa="Wbr k" >
<sense name="Course" no="1" origi n="W"
definition="..." conveni ence="1.0">

<synset >cl ass#4, course of instruction#l,
course of study#2, course#l</synset>
</ sense>
</ def - cat egory>
<def - cat egory nane="Depart ment"
short="uni versity departnent”
i sa="Educati onOr gani zati on">. .
</ def - cat egory>
<def - cat egory nane="Uni versity" short="university"
i sa="Educati onOr gani zati on" >
<sense name="University" no="3" origin="W
definition="..." conveni ence="1.0">
<synset >uni ver si t y#3</ synset ></ sense>
</ def - cat egory>
<def - cat egory nane="Prograni short="progrant
i sa="Information">
<sense nane="Program' no="4" origi n="W"
definition="..." conveni ence="1.0">
<synset >course of study#1, curricul um#l, program#4,
syl | abus#1</ synset ></ sense>
</ def - cat egory>
<def - cat egory nane="Resear chGroup"
short ="research group"
i sa="Educati onOr gani zati on">
<sense nane="ResearchG oup" no="0" origi n="TECH"
definition="" conveni ence="1.0">
<synset >resear ch group#0</ synset ></ sense>
</ def - cat egory>
<def -cat egory nane="Activity" short="activity"
i sa="HunmanActivity">..
</ def - cat egory>
<def - cat egory nane="Work" short="work"
isa="Activity">...
</ def-category>. ..
</ ont ol ogy>

Figure3: Extractof theterminologyorientedontologyconcerninghe americaruniversity

P(Ty) =) (M) )



| HTML marker description | HTML marker | Weight |

Documentitle <TITLE></TITLE> 10
Keyword <metaname="keywords"... content=...> 9
Hyperlink <A HREF=...></A> 8
Fontsize7 <FONT SIZE=7></FONT> 5
Fontsize+4 <FONT SIZE="+4"></FONT> 5
Fontsize6 <FONT SIZE=6></FONT> 4
Fontsize+3 <FONTSIZE="+3"></FONT> 4
Fontsize+2 <FONT SIZE="+2"></FONT> 3
Fontsize5 <FONT SIZE=5></FONT> 3
Headinglevel 1 <H1></H1> 3
Headinglevel 2 <H2></H2> 3
Imagetitle <IMG ...ALT="..."> 2
Big marker <BIG></BIG> 2
Underlinedfont <U></U> 2
Italic font <|></I> 2
Bold font <B></B> 2

Tablel: Highercoeficientsassociatedvith HTML markers

Table2 shavs someresultsextractedfrom anexperimentonaWebpage Termsaresorted
accordingto theweightedfrequeng coeficient.

4.2 Page conceptsletermination

During the term extraction processwell-formedtermsandtheir weightedfrequeng coefi-
cientwererespectrely extractedandcalculated The well-formedtermsare differentforms
representinga particularconcept(for example“chair”, “professorship”...)In orderto de-
terminenot only the setof termsincludedin a pagebut alsothe setof conceptsn a page,a
thesauruss used Our experimentsisetheWordNetthesaurug[23]). Theprocesdo generate
candidateconceptss quite simple:from extractedterms,all candidateconceptgall senses)
aregeneratedisingathesaurusA sensas representebly alist of synorym (thislistis unique
for agivenconcept) Thenfor eachcandidateeoncepttherepresentatienesss calculatedac-
cordingto theweightedfrequeng andthecumulative similarity of theconceptwith the other
conceptsn thepage.Thislastoneis basedn the similarity betweertwo concepts.

We first definethe similarity measurébetweentwo conceptsvhich makesit possibleto
evaluatethesemantiaistanceébetweerthesewo conceptsThis measures definedrelatively
to athesauruandto thehyperrymsrelationshipln ourcontet, we usethesimilarity measure
definedby [29]. They proposea similarity measureelatedto the edgedistancein the way
it takesinto accountthe most specificsubsumerof the two conceptscharacterizingheir
commonalitiesyhile normalizingin away thataccountdor their differencesTheir measure
is shavn in formula 3 wherec is the mostspecificsubsumenof ¢; andc,, depth(c) is the
numberof edgesrom c to thetaxonomyroot, anddepth..(c;) with ¢ in {1,2} is the number
of edgedrom ¢; to thetaxonomyrootthroughc.



Terms | Weighted frequency |

uw 1.00

cse 0.59

uw cse 0.45
computer 0.41
university 0.37
seattle 0.30
article 0.30
science 0.26
research 0.24
professor 0.24
computerscience 0.18
university of washington 0.16
program 0.15
news 0.12
information 0.09
message 0.01

Table 2: Extractedtermsandtheir weightedfrequeny (sortedaccordingto the weightedfrequeng). Results
comingfrom http://www.cs.washington.edu/mves/

» 2 x depth(c)
R - 3
sim(cy, c2) depth.(cy) + depth.(c2) ©

This measurgerformsalittle worsethanthe Resniks measurd[26]) but betterthanthe
traditionaledge-countingneasurdgseerelatedworksfor moredetails).

For evaluatingthe relative importanceof a conceptin a page,we defineits cumulatve
similarity. Thecumulative similarity measuressociateavith aconcepin a page notedsim,
is the sumof all the similarity measuregalculatedbetweenthis conceptandall the other
conceptancludedin the studiedpage.In this formula,a specificconcepts unified with the
correspondingynset(setof synoryms)in WordNet. The measurds shown in formula 43,
wherel, synsetsare associatedvith a term 7}, andthereare m termsin the studiedWeb
pages.

lj

sim(synset;(T},)) = Z Z sim(synset; (1), synset;(T;)) 4)

je[Lk—1]U[k+1,m] I=1

3sim(synset;(T})) is normalized



In thiscalculusall similaritiesarenotbeentakeninto accounin orderto discriminatethe
results:a thresholdis applied.Finally, we determinea representatienesscoeficient which
determinesherepresentatienes®f aconcepin adocumentThecoeficientis alinearcom-
binationof theweightedfrequeny andof thecumulatize similarity of aconcep{formula5)®.
This coeficient is the major oneto qualify answerto a request.The empiricalvaluesfor o
andg arerespectiely 2 et 1.

a « F(synset;(Ty)) + B * sim(synset;(T}))

a+ g ®)

representativeness(synset;(1})) =

Thetable3 shavstheeffect of therepresentatieneson the conceptrder(termsfound
in the pagearein bold font). Someconceptsare higherin the table 3 thanin the table 2.
For instance hews#1 (weightedfrequeng 0.12, representatieness).51) or information#1
(weightedfrequeng 0.1, representatieness).59). This is a goodresultfor a pagerelated
to a news page.If we analysethe resultmorein details,the conceptsnens#4and nevs#2
have arepresentatienessequalto 0.49.Thisis not very differentfrom the degreeof news#1
whichis equalto 0.51.The explanationis thatWordnetincludestoo muchfine-grainedsense
distinctionsIn fact,in thethesaurughethreepreviousconcepthave all thesamesubsumers.
Then, an automaticprocesscannotdistinguishthesethree concepts Wordnetwas built by
linguistandis notalwayseffective in NLP [25].

5 Associating concepts and synsets

At this point,we have ontheonehandaterminologyorientedontologyandontheotherhand
candidateconceptavith theirrepresentatienessomingfrom HTML pagesin thenext step,
candidateconceptarematchedwvith conceptof theontology If aconcepis in theontology
andin aWebpagethe URL of this pageandits representatienessareaddedo theontology

To evaluatethe appropriatenessf an ontologyaccordingto a setof HTML pagesfive
typical coeficients are calculated.Thesecoeficients are normalized.The first four coefi-
cientsdefine:

¢ therateof conceptdirectly involvedin HTML pagescalledthe Directindexing Degree
or DID;

¢ the rate of conceptsndirectly involved in HTML pages(calculatedby the way of the
generic/specificelationship) calledthe Indirectindexing Degreeor 11D ;

¢ therateof pagesoncerneavith theontologyconceptscalledtheOntology Cover Degree
or OCD, which givesthe numberof Web pagesthatinvolve at leastone conceptof the
ontology;

¢ theMeanof theRepresentatenesf thecandidateConcept{MRC).

Thesecoeficients(DID, IID, OCD, MRC) areevaluatedfor differentthresholdsapplied
ontherepresentatienesg0 to 1 with a stepequalgo 0.02).For eachcoeficientits weighted

4Therepresentatienesss normalized.F (synset;(T},) is thenormalizedsumof all the weightedfrequeny
relatedto synset;(T}).



Concepts Weighted | Representativeness
frequency
uw#0 1.0 1.0
awar d#2, accoladet#tlhonor#1 honour#2 Jaurels#1 0.20 0.7
computer#1, dataprocessor#lelectroniccomputer#1,
informationprocessingystem#1 0.41 0.68
information#1, info#1 0.1 0.59
csett0 0.59 0.59
university#2 0.37 0.58
courseof study#1 program#4, curriculum#1 syllabus#1 0.15 0.53
calculator#lrecloner#1 figurer#1,
estimator#lcomputer#2 0.41 0.51
news#1,intelligence#4, tidings#1,word#3 0.12 0.51
news#H?2 0.09 0.49
news#4 0.09 0.49
VOi cet6 0.01 0.51
voicet#2, vocalization#1 0.01 0.51
message#Zontent#2, subjectmatter#1 substance#6 0.01 0.51
language#tl, linguistic communication#1 0.01 0.51
articlet#t3, clause#?2 0.30 0.5
submission#lentry#4 0.01 0.5
subject#1, topic#1,theme#l 0.01 0.5
univer sity#3 0.37 0.42

Table 3: Extractedconceptsafter the calculusof the representatienesslegree(sortedaccordingto the repre-
sentatveness)Resultscomefrom http://www.cs.washington.edu/mves/

mean(WM) is calculatedFor instanceformula6 presentshe calculusof theweightedmean
for thedirectindexing degree(DID).

DID =) (i DID) (6)

1=0

This calculusprivilegestheconceptsvhich aremorerepresentatie of the pagesA repre-
sentatve ontologyof a site hastheweightedmeannearlyequalto 1. This evaluationdepends
on thethesaurusisedbecauset dependsn the usedrelationshipsFinally, the global eval-
uationof theindexing proces{OSAD: Ontology-SiteAdequay Degree)is a linear combi-
nationof theseweightedmeans Currently the coeficientsareevaluatedin anexperimental
way. The equation? givesthe presentevaluationwheres is a Web site and o an ontology
Theexperimentshovsthatavalueof 0.3for therepresentatienesgivesgoodresults Below
this thresholdtoo mary conceptswvith alow representatienessarekept. For this threshold,
the discriminationof conceptss relatvely effective (the largerthe Web pagesare,the more
effectiveis the process).

11D,,
2

OSAD,, = +DID;,+2%x0OCD;s,+ 2% MRC5, (7



Thefigure4 presenténdexing resultsrelatedo theWebsite: “http://www.cs.washington.edu/”
(1315HTML pages)Thisis thesite of the departmenbf computerscienceof the washing-
tonuniversity It waschoserbecaus®f its apriori adequag with ourontology However, the
Ontology-SiteAdequag Degree(OSAD) is notvery high (56%). The explanationis thatthe
usedontology(the SHOE ontologywith someextensionsandmodifications)doesnot cover
all thestudieddomain.For instancethestudiedsitehasnumerougpersonalWebpagesvhich
arerarelyindexedby the ontology Figure5 presentanextractof the structuredndex.
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Figure4: Someresultsof theindexing process

The indexing processcan highlight conceptswhich do not matchwith conceptsof on-
tologies.In this case,we may searchfor ontologiesrelatedto this index. In the future, we
will beableto startagaintheindexing processvhenthe contentof the site evolvesor when
ontologiesareupdatedThis processcanonly be executedon modifiedpages.

Theevaluationprocessnablesisto evaluatethe adequag betweerthe pagesof the site
andtheontologyandthusto adoptvariousstratgiesdependingon the coeficientsvalue:

1. thecoeficientsarecorrect:the structuredndex is keptandexploited,;
2. thecoeficientsarenotcorrect:

(a) the pageswhich arenot suitableare deleted(the OCD and/orthe MRC coeficient
arelow);
(b) theontologyis updatedtheDID coeficientis low);

(c) anew ontologyis chosenandthe index is built again(the whole setof coeficients
is low);



<?xm version="1.0" encodi ng="1S0O 8859-1" standal one="no"?>
<! DOCTYPE ont ol ogy SYSTEM "http://.../onto.dtd">
<ontol ogy id="university-ont" version="3.0" description="">
<def - cat egory nane="Uni versity" short="university"
i sa="Educati onOrgani zati on">
<sense name="University" no="3" origi n="wn" conveni ence="1.0">
<synset >uni ver si t y#3</ synset >
<page nane="http://ww. cs.washi ngton. edu/i nf o/ contact/"
frequence="0.5" representativeness="0.4"/>
<page nane="http://ww. cs. washi ngt on. edu/ i nf o/ about us/ "
frequence="0. 54" representati veness="0.49"/>
<page nane="http://ww. cs. washi ngt on. edu/ educati on/ cour ses/ 590n1 "
frequence="0.4" representativeness="0.4"/>
<page nane="http://ww. cs. washi ngt on. edu/ out reach/"
frequence="0. 28" representati veness="0.34"/>
<page nane="http://ww. cs. washi ngt on. edu/ nssi /"
frequence="0.5" representativeness="0.43"/>
<page nane="http://ww. cs. washi ngt on. edu/ general / overvi ew. htm "
frequence="0.87" representati veness="0.81"/>
<page nane="http://ww. cs. washi ngt on. edu/ educati on/ cour ses/ 599/ "
frequence="0.4" representativeness="0.35"/>
<page nane="http://ww. cs. washi ngt on. edu/ wor kf orce/tnt/"
frequence="0. 25" representati veness="0.35"/>..
</ sense>
</ def - cat egory>
<def - cat egory nane="Departnment" short="university departnent”
i sa="Educati onOr gani zati on" >
<sense nanme="Departnent" no="1" origi n="wn
<synset >depart ment #1, secti on#11</ synset >
<page nane="http://ww. cs. washi ngt on. edu/ educati on/ cour ses/ 444/ "
frequence="0. 29" representativeness="0.31"/>
<page nane="http://ww. cs.washi ngton. edu/lab/facilities/la2. htm"
frequence="0.5" representativeness="0.41"/>
<page nane="http://ww. cs. washi ngt on. edu/ ARL/"
frequence="0. 21" representativeness="0.32"/>
<page nane="http://ww. cs. washi ngt on. edu/"
frequence="0. 33" representati veness="0.37"/>
<page nane="http://ww. cs. washi ngt on. edu/ desktop_refs. htm "
frequence="0.5" representativeness="0.43"/>
<page name="http://ww. cs. washi ngt on. edu/ news/j obs. htn "
frequence="0. 44" representati veness="0.46"/>
<page name="http://ww. cs. washi ngt on. edu/ adm n/ newhi res/faq. htm "
frequence="0. 29" representati veness="0.32"/>
<page name="http://ww. cs. washi ngt on. edu/ i nf o/ vi deos/ i ndex. htm "
frequence="0. 39" representati veness="0.38"/>
<page name="http://ww. cs. washi ngton. edu/ affiliates/corporate/"
frequence="0.5" representativeness="0.51"/>..
</ sense>
</ def - cat egory>. .
</ ont ol ogy>

conveni ence="1.0">

Figure5: Extractof the SHOEontologyconcerninghe americaruniversities



6 Exploitation of our approach for query answering

Most of searchenginesusesimple keywordsto index web pages.Queriesare often made
up of alist of keywords connectedy logical operator(“and”, “or”...). In our context, we
usetheterminologyorientedontologyandthe structuredndex in orderto improve thequery
answeringorocessQueriesarenot only processeat the terminologicallevel but alsoat the
conceptualevel. This approactprovidesseveralimprovements:

1. ausersqueryis expandedtermsaretransformednto concepts;
2. logical operatorhave arichersemanticghanin the simplekeywordsworld;
3. theanswersaremoresuitableto ausers query

The queryexpansionis thusimproved by the useof ontologies Often,whena userpro-
posesa query which containstermsconnectedby logical operatorsthesetermsare often
ambiguouslIn our approachtermsarereplacedoy their associated@onceptsThe candidate
conceptsarefirst selectedn theontology Then,the otherconceptf the queryandthelogi-
cal operatorsarestudied.Finally, if atermis still associateavith severalcandidateconcepts,
theusers assistances required.If setof querytermsarenotassociatedavith any conceptsat
theendof this processthey areregardedasnotrelevantfor thesite. Accordingto thelogical
operatoyeitherthey aresuppressettom the queryor thequeryhasno response.

Theconceptuallyexpandedjuerycanbeexploitedto seekpagescorrespondingrecisely
toits content.Theontologymalesit possibleto improvetheinterpretatiorof theusedogical
operatorsCurrently in onehand,the“and” and“or” operatorshave the sameinterpretation
asin the traditionnalkeywordsapproachln the otherhand,the “no” and“near” operators
have a differentsemanticsFor a querycontaininga “no” operatoywe addto the concerned
concept,all the conceptswhich are more specificthanthis conceptaccordingto the “isa”
relationship.So, all pagescontainingtheseconceptswill berejected.The “near” operatoris
not relatedto the distancebetweenwords (numberof words betweentwo words)asin the
classicabpproachBut, it is relatedto asemantiaistancebetweerconceptsaccordingo the
similarity measurg29] usedto calculatethe representatienesscoeficient. In our context,
the“near” operatorbecomesn unaryoperatorandmakesit possibleto addto the queryall
the conceptsemanticallyconnectedo the tamgetedconcepiandin its neighbourhood.

7 Related works

Our choiceddiffer from relatedworks especiallyfrom work on annotatiorof Web pagelike
KA2 ([9], [2]), SHOE([21]) or WebKB([22]). Thesetwo projectsannotatemanuallyWeb
pageausingsemantidags.SHOEproposes setof SimpleHTML Ontolagy Extensiorto an-
notateWeb pageswith ontology-base#nowledgeconcerningpagecontentslin this context,
anagentcanusethis knowledgeto manageeffectively informationrequests.

In all the casesthe goalis to usesemantianformationto improve the informationre-
trieval. However, in theseapproachesannotationsarestronglylinked to documentThe au-
thor of pagesprogressiely indicateshandledknowledgewhereit appearsThe problemis
that ary modificationor new generationof the pagesrequiresto remale entirely or partly
the annotationsNeverthelessthe precisionof this processs extremelyfine. Moreover, the
methodshasedon annotatioraremanualor semi-manua(an userinterfacehelpsthe userto



annotatehe documen{16]). Thereforethey areverytime expensve andcanbe carriedout
only by specialistg[15]).

However, this manualprocesss time expensve, comple, andinformationand knowl-
edgearemixed. Theinformationmanagemendifficulty is thusincreased[15]). In addition,
semanticallyannotatedlocumentsare not todayandperhapsmay be never availableon the
Weh Thesetwo projectswork on restricteddomainand scalingup to the entire Web is a
titanictask([15]). Moreover, in this context, all Webpagebuildershave to accepto annotate
theirown pagesTheconsensugseededy this protocolis farto bewidely admittedandis at
the oppositeof the Web philosophy Anotherprojectis the “WebKB” project([22]). It pro-
posesanothemanualprocesso annotaté/Meb pagesusingan ontologyrepresentedavith a
conceptuagraph([27]), whichis built usingalinguistic thesaurusEvenif theusedlanguage
is differentfrom thetwo previousprojectsannotationgrealsoincludedin theHTML pages.
Moreover, the thesaurugs only usedto extendthe ontology It is not usedto automatically
index naturallanguagedocuments.

Like in OntoSeekproject([14]), our approachaddslinguistic attributesto ontologiesus-
ing the WordNetthesaurugo improve our semi-automatidVeb site knowledgediscovery.
Guarinocallsthis processa disambiguatiorprocessHowever, the manualproces©OntoSeek
usentologiesnotto definetheknowledgeof aWebsitebutto find usersdatain alargeclas-
sical databasef Web pages Anotherprojectproposesa similar processthe Mikrokosmos
project([25]) to provide a knowledgebasefor machinetranslationprocessThis processs
anothersemi-automatiprocesgthe usercanimprove manuallythe disambiguationmesults).
It studiesseveralheuristics Themostimportantareanhierarchicaheuristicsaanda similarity
heuristics.The hierarchicalheuristicsusesthe generic/specificelationshipin the ontology
and the relationshipof hyperorymy in the thesaurusFor [25], the hierarchicalheuristics
seemdo be the more effective to selectsensesTherefore we chooseto usethis heuristics
andto improveit.

Someprojectsof the KDD (KnowledgeDiscovery in Databasesgommunityare inter-
estedby extracting knowledgefrom Web sites.[8] apply techniquesof KDD to keywords
which are attachedo the documentsandwhich arethenregardedasattributes. Thesemin-
ing techniquesusestatisticalanalysisto discover associatiorrules andinterestingpatterns
over keywordsdistributionsandassociationgOtherresearcherflL8] usetermsautomatically
extractedfrom documentgo characterizeéhe documentandto find associationsvhich con-
nectthe termsto the documentsAnother approachis to apply KDD techniquesafter the
useof informationextractiontechniqueswhich transforminformationlocatedin texts into a
structureddatabas¢6]. Otherapproachef20] mixe NLP techniquesandKDD techniquego
extractautomaticallyinformationfrom documentsThey do not usekeywordsasattribute but
useconceptsvhich areacquiredby the way of athesaurusThe approachof thelastauthors
seemsthe mostinterestingbecausehey do not work any more with simple keywords but
with the conceptsncludedin documentsComparedo KDD techniquedike [20], we also
work on conceptualevel insteadon the simple keywords level. But we take the option to
have linguistic processingnuchfiner and especiallywe privilege an a priori knowledgeon
the studieddomain(one or several ontologies).[20] usea priori knowledgeon the studied
domain(a thesaurusgxclusively to extractthe conceptof the pageslin our approachthe
conceptsarealsoextractedfrom thepageausingathesaurushut theindexing processtselfis
alsobasedon anontologyof the domain.[24] assertdesideghatfor an effective extraction
of knowledge apriori knowledgeonthestudieddomain(for exampleontologies)s essential.

Many measuresf similarity aredefinedn relatedworks.For[19], theinformationshared



by two conceptss indicatedn an“isa” taxonomyby the mostspecificconcepthatsubsumes
them. The semanticsimilarity of two conceptan a taxonomyis the distancebetweenthe
nodescorrespondingo the itemswhich arecomparededge-counting)The shorterthe path
from onenodeto anotheris, the moresimilar they are.Givenmultiple paths,onetakesthe
lengthof the shortesbne.

A widely acknavledgedproblem([26]) with this approachs thatit relieson the notion
thatlinks in thetaxonomyrepresentiniform distancegbut it is mostof thetime false).[26]
describesnalternatve wayto evaluatesemanticsimilarity in ataxonomybasednthenotion
of informationcontent.All links in ataxonomyareweightedwith an estimatedorobability
(conceptoccurrences corpora) which measuresheinformationcontentof a conceptThe
mainideais: the more conceptsshareinformation, more similar they are. The information
shareduy two conceptss indicatedby theinformationcontentof theconceptshatsubsumes
themin thetaxonomy Theprobability P of aconcept is basedntheprobabilityassociated
with theconcepiplustheprobabilityassociatedavith all its descendartonceptsP(c) is then
usedto calculatetheinformationcontentof a conceptc whichis equalto —log(P(c)).

8 Conclusions

In this paperwe have presentec semi-automatiprocesdo index a Webssite by its content.
This processbuilds a structuredindex coming from an ontology and pagesof a Web site.
After the constructionof a flat index whereall termshave a weightedfrequeng, we deter
mine candidateconceptsassociatedavith theseterms.For eachconceptarepresentadieness
coeficientis calculatedFinally, themostrepresentatie conceptsn aWebpageareselected,
andthosewhich belongto the ontologyarekept. The final structuredndex is organizedac-
cordingto the ontology With eachontologyconceptsa setof Web pagess associatedrom
wherethe potentialconceptavereextracted.

This processomprisesa numberof advantage®n thetraditionalindexing methodgonly
basedon keyword retrieval) andevenon the methodsof Web siteannotation:

1. selectepagescontainnotonly the keywordsbut alsothe requiredconcepts
2. theseconceptsarerepresentatie of thetopicstreatedn selecteages

3. termswhich areresponsiblef the pageselectionarenot alwaysthoseof therequesbut
canbesynoryms;

4. pagescancomprisenotonly therequiredconceptdut alsomorespecificones,

5. theimportanceof aconcepdependsotonly onits termfrequeng but alsoontheHTML
markerswhich describat andonits relationswith the otherconceptsf thepage...

Theindexing processanbeusednotonly for retrieving informationbut alsofor valueing
the appropriatenessf a Web site with regardto a domainor a knowledge.This latter case
enablesisto classifya Websitein a hierarchicaindex of aclassicakearcrengine(Yahou!,
Excite...). Note that such hierarchiescan be themseles consideredas generalontologies
([17)).

Currently otherWeb siteson americaruniversitiesareindexedin orderto compareheir
resultsto thoseof the Washingtonuniversity. In orderto improve the indexing results,we
may alsoimprove the coveragedegreeof the ontologyon our studieddomain.We studyalso



otherrelationshipghanthe generic/specificelationshipin orderto improve the processof
conceptxtraction.We have developedameasureaccordingo thecompositiorrelationship,
but we mustalsoevaluateit in anexperimentalway.

Theresultspresentedh this papercanbeusedin variousapplicationsThey arecurrently
beingincorporatedwithin the Bonom Multi-agent system([5], [4]) to searchfor relevant
informationon the Internet.The systeminvolvesdifferenttypesof agentsamongwhich “site
agents”which encapsulaténformation sourcesThe methodswe proposeare implemented
within thesiteagentsThey greatlyimprovethesiteanalysigprocessandthequeryanswering
process.
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