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Abstract. This article presentsa new approachin orderto index a Web site. It uses
ontologiesandnaturallanguagetechniquesfor informationretrieval on the Internet.
Themaingoalis to build astructuredindex of theWebsite.Thisstructureis givenby
a terminologyorientedontologyof adomainwhich is chosenapriori accordingto the
contentof the Web site. First, the indexing processusesimprovednaturallanguage
techniquesto extractwell-formedtermstakinginto accountHTML markers.Second,
the useof a thesaurusallows us to associatecandidateconceptswith eachterm. It
makes it possibleto reasonat a conceptuallevel. Next, for eachcandidateconcept,
its capacityto representthe pageis evaluatedby determiningits level of representa-
tivenessof thepage.Then,thestructuredindex itself is built. To eachconceptof the
ontologyareattachedthe pagesof the Web site in which they are found. Finally, a
numberof indicatorsmake it possibleto evaluatetheindexing processof theWebsite
by thesuggestedontology.

keywords : InformationRetrieval onInternet,Indexing WebPages,Ontologies,Semantic
Indexing.

1 Introduction

Searchingfor information on the Internet meansaccessingmultiple, heterogeneous,dis-
tributedandhighlyevolving informationsources.Moreover, provideddataarehighly change-
able:documentsof alreadyexistingsourcesmaybeupdated,addedor deleted;new informa-
tion sourcesmayappearor someothersmaydisappear(definitively or not). In addition,the
network capacityandquality is aparameterthatcannotbeentirelyneglected.In thiscontext,
the questionis: how to searchfor relevant informationon the Web moreefficiently? Many
searchengineshelpusin this difficult task.A lot of themusecentralizeddatabasesandsim-
ple keywordsto index andto seekthe information.Within suchsystems,therecall1 is often
relatively high.Conversely, theprecision2 is weak.An intelligentagentsupportedby theWeb
sitemaygreatlyimprove theretrieval process([4], [1]). In this context, this agentknows its

1Recall is definedasthe numberof relevant documentsretrieved divided by the total numberof relevant
documentsin thecollection

2Precisionisdefinedasthenumberof relevantdocumentsretrieveddividedby thetotalnumberof documents
retrieved



pagescontent,is able to perform a knowledge-basedindexing processon Web pagesand
is ableto provide morerelevant answersto queries.In informationretrieval processes,the
major problemis to determinethe specificcontentof documents.To highlight a Web site
contentaccordingto a knowledge,we proposea semi-automaticprocess,which providesa
contentbasedindex of a Web site usingnaturallanguagetechniques.In contrastwith clas-
sical indexing tools, our processis not basedon keywordsbut ratheron the conceptsthey
represent.

In this paper, we firstly presentthe generalindexing process(section2). After having
exposedthe characteristicsof usedontologies(section3), we will indicatehow the repre-
sentativenessof a conceptin a pageis evaluated(section4) and,finally, how this processis
evaluateditself (section5).

2 Overview of the indexing process

The main goal is to build a structuredindex of Web pagesaccordingto an ontology. This
ontologyprovidesthe index structure.Our indexing processcanbe divided into four steps
(figure1:

1. For eachpage,aflat index is built. Eachtermof this index is associatedwith its weighted
frequency. This coefficient dependson eachHTML marker thatdescribeseachtermoc-
currence.

2. A thesaurusmakesit possibleto generateall candidateconceptswhichcanbelabeledby
atermof thepreviousindex. In our implementation,weusetheWordnetthesaurus([23]).

3. Eachcandidateconceptof apageisstudiedto determineits representativenessof thispage
content.This evaluationis basedon its weightedfrequency andon therelationswith the
otherconcepts.It makesit possibleto choosethebestsense(concept)of atermin relation
to thecontext. Therefore,themoreaconcepthasstrongrelationshipswith otherconcepts
of its page,the more this conceptis significant into its page.This contextual relation
minimizestheroleof theweightedfrequency by growing theweightof thestronglylinked
conceptsandbyweakeningtheisolatedconcepts(evenwith astrongweightedfrequency).

4. Amongthesecandidateconcepts,afilter is producedvia theontologyandtherepresenta-
tivenessof theconcepts.Namely, a selectedconceptis a candidateconceptthatbelongs
to the ontologyandhasan high representativenessof the pagecontent(the representa-
tivenessexceedsathresholdof sensitivity). Next, thepageswhichcontainsuchaselected
conceptareassignedto this conceptinto theontology.

Somemeasuresareevaluatedto characterizethe indexing process.They determinethe
adequacy betweentheWebsiteandtheontology. Thesemeasurestake into accountthenum-
ber of pagesselectedby the ontology, the numberof conceptsincludedin the pages...The
index is built asaXML file ([28]) andis independentof Webpages.

Ourprocessis semi-automatic.It enablestheuserto haveaglobalview of theWebsite.It
alsomakesit possibleto index aWebsitewithoutbeingtheownerof thesepages.Wedonot
regardit asa completelyautomaticprocess.Adjustmentsshouldbecarriedout by theuser.
Thecounterpartof this automatisationis, obviously, aworseprecisionof theprocess.Lastly,
comparedto theannotationapproach,our indexing processimprovesinformationretrieval: it
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Figure1: Theindexing process

makesit possibleto reachdirectlythepagesconcerningaconcept.By contrast,theannotation
approachrequiresto browseall thepagesof theWebsiteto find thissameinformation.Now,
wewill studytwo significantelements:theontologyandthemethodto evaluatetheconcepts.

3 Terminology oriented ontologies

3.1 Ontologydefinition

The termontologycomesfrom philosophy. In this context, its definition is: «systematicex-
planationsof theexistence». Futhermore,researchersin KnowledgeEngineeringgive other
moresuitabledefinitionswith their concerns.In this context, their definitionsarestrongly
dependenton theauthor’s 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 chosenthis definitionof ontology:“an ontology providesthecommonvocabu-
lary of a specificdomainanddefines,moreor lessformally, termsmeaningandsomeof their
relationships” ([11]). In our context, we thuscall ontologya hierarchyof conceptsdefines
in a moreor lessformal way. For instance,figure2 shows anextractof theSHOEontology
concerningtheamericanuniversities.

3.2 Terminologyorientedontology

Theconceptsof ontologiesareusuallyrepresentedonly by a singlelinguistic term(a label).
However, in our context, this termcanbeat thesametime ambiguous(it representsseveral
candidateconcepts)andnot alwaysunique(existenceof synonyms).As a result,within the
framework of texts written in naturallanguage,it is necessaryto determinethe whole set
of the synonyms (candidatelabels)to definein a singleway a concept.Suchprocesscan



<?xml version="1.0" encoding="ISO-8859-1"
standalone="no"?>

<!DOCTYPE ontology SYS-
TEM "http://.../onto.dtd">
<ontology id="university-ont" version="2.1"

description="...">
<def-category name="Department"

isa="EducationOrganization"
short="university depart-

ment"/>
<def-category name="Program"

isa="EducationOrganization"
short="program"/>

<def-category name="ResearchGroup"
isa="EducationOrganization"
short="research group"/>

<def-category name="University"
isa="EducationOrganization"
short="university"/>

<def-category name="Activity"
isa="SHOEEntity"
short="activity"/>

<def-category name="Work"
isa="Activity"
short="work"/>

<def-category name="Course"
isa="Work"
short="teaching course"/>

...
</ontology>

Figure2: Extractof theSHOEontologyconcerningtheamericanuniversities

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

In our context, anontologyis a setof conceptseachonerepresentedby a term(a label)
anda setof synonymsof this term,anda setof relationshipsconnectingtheseconceptsby
thespecific/genericrelationship,thecompositionrelationship,...Currently, theonly relation-
shipwetakeinto accountis the“isa” relationship.Wecall thistypeof ontologyaterminology
orientedontology. Notethatourontologiesdonotreflectall theinherentaspectsto formalon-
tologies([11]). Our ontologiesarecloseby their structureto thoseusedin theSHOEproject
([21]). Moreover, we chooseXML format ([28]) to storeour ontologiesandour indexing
results.The usedDTD is rathersimilar to the SHOEDTD but we mademodificationsand
extensionsto this last.

We thusproposea processwhich makesit possibleto determineall thecandidatelabels
of a concept.This processis basedon a thesaurusandusesa numberof heuristicssimilar
with thoseproposedby theMikrokosmosproject.Thegeneralprincipleof theseheuristicsis
to try to make a correspondancebetweenthepathsaccordingto the“isa” relationshipin the



ontologyandthepathsof hypernymsin thethesaurus.Accordingto the“matchingdegree”,a
moreor lesslargeconfidenceis givento suchor suchsetof synonyms(concept).Let usnote
thatexperimentsusingtherelationshipof compositionhavenot improvedtheresults.

Theusercanmanuallyfinishthedisambiguationprocessof thelabels.Indeed,theprocess
cannot alwaysselectin anunquestionableway thegoodsetof synonyms.Thedefinitionsof
thesetsof candidateynonymsarepresentedin orderto helpto this final choice.

However, theprocessgivesresultsrathersatisfactorysinceit choosesthegoodsensefor
nearly75% of the labelsassociatedwith the conceptsfor the ontologyof the Universities
of SHOE([21]) andfor 95%of thelabelafterseveralmodifications(contradictionswith the
usedthesaurusweredeleted).

Theseevaluationsweredeterminedwith ontologiesfor which thewholesetof thelabels
associatedwith the conceptswasmanuallydisambiguated.Of course,this disambiguation
processdependson thethesaurusused(in ourcaseWordnet).

4 Index building

The other importantpart of our processis the indexing processand the evaluationof the
importanceof a conceptin aHTML page.Therearetwo essentialsteps:(1) termsextraction
from Webpagesandcalculusof theweightedfrequency and(2) determinationof candidate
conceptsandthecalculusof therepresentativenessof aconcept.

4.1 Termsextraction

Thewell-formedtermsextractionprocessstartsby (1) removing HTML markersfrom Web
pages,(2) dividing thetext into independentsentences,and(3) lemmatizingwordsincluded
in the page.Next, Web pagesareannotatedwith part of speechtagsusingthe Brill tagger
([3]). As a result,eachword in a pageis annotatedwith its correspondinggrammaticalcat-
egory (noun,adjective...).Finally, the surfacestructureof sentencesis analyzedusingterm
patterns(Noun,Noun+Noun,Adjective+Noun...)[7] to providewell-formedterms. For each
selectedterm, we calculateits weightedfrequency. The weightedfrequency takes into ac-
count the frequency of the term andespeciallythe HTML markerswhich are linked with
eachof its occurrences.We can notice that the frequency is not a main criterion. Indeed,
we work with pageswhich areof ratherrestrictedsizecomparedto large corporausedin
NLP (NaturalLanguageProcessing).Theinfluenceof themarker dependson its role in the
page.For example,themarker“TITLE” will giveaconsiderableimportanceto theterm(*10)
whereasthemarker “B” (for bold font) hasaquitelessinfluence(* 2). Thetable 1 givesthe
weight of the mostsignificantmarkers(the markersweightsweredeterminedin an exper-
imentalway [10]). In a Web pagecontaining� differentterms,for a given term

���
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 ���
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<?xml version="1.0" encoding="ISO-8859-1"
standalone="no"?>

<!DOCTYPE ontology SYSTEM "http://.../onto.dtd">
<ontology id="university-ont" version="3.0">
<def-category name="Course" short="teaching course"

isa="Work">
<sense name="Course" no="1" origin="WN"

definition="..." convenience="1.0">
<synset>class#4,course of instruction#1,

course of study#2,course#1</synset>
</sense>

</def-category>
<def-category name="Department"

short="university department"
isa="EducationOrganization">...

</def-category>
<def-category name="University" short="university"

isa="EducationOrganization">
<sense name="University" no="3" origin="WN"

definition="..." convenience="1.0">
<synset>university#3</synset></sense>

</def-category>
<def-category name="Program" short="program"

isa="Information">
<sense name="Program" no="4" origin="WN"

definition="..." convenience="1.0">
<synset>course of study#1,curriculum#1,program#4,

syllabus#1</synset></sense>
</def-category>
<def-category name="ResearchGroup"

short="research group"
isa="EducationOrganization">

<sense name="ResearchGroup" no="0" origin="TECH"
definition="" convenience="1.0">

<synset>research group#0</synset></sense>
</def-category>
<def-category name="Activity" short="activity"

isa="HumanActivity">...
</def-category>
<def-category name="Work" short="work"

isa="Activity">...
</def-category>...

</ontology>

Figure3: Extractof theterminologyorientedontologyconcerningtheamericanuniversity
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HTML marker description HTML marker Weight
Documenttitle <TITLE></TITLE> 10

Keyword <metaname="keywords"... content=...> 9
Hyper-link <A HREF=...></A> 8
Fontsize7 <FONTSIZE=7></FONT> 5

Fontsize+4 <FONTSIZE="+4"></FONT> 5
Fontsize6 <FONTSIZE=6></FONT> 4

Fontsize+3 <FONTSIZE="+3"></FONT> 4
Fontsize+2 <FONTSIZE="+2"></FONT> 3
Fontsize5 <FONTSIZE=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></I> 2
Bold font <B></B> 2

... ... ...

Table1: Highercoefficientsassociatedwith HTML markers

Table2 showssomeresultsextractedfrom anexperimentonaWebpage.Termsaresorted
accordingto theweightedfrequency coefficient.

4.2 Pageconceptsdetermination

During the termextractionprocess,well-formedtermsandtheir weightedfrequency coeffi-
cientwererespectively extractedandcalculated.Thewell-formedtermsaredifferentforms
representinga particularconcept(for example“chair”, “professorship”...).In order to de-
terminenot only thesetof termsincludedin a pagebut alsothesetof conceptsin a page,a
thesaurusis used.OurexperimentsusetheWordNetthesaurus([23]). Theprocessto generate
candidateconceptsis quitesimple:from extractedterms,all candidateconcepts(all senses)
aregeneratedusingathesaurus.A senseis representedby alist of synonym(this list is unique
for agivenconcept).Thenfor eachcandidateconcept,therepresentativenessis calculatedac-
cordingto theweightedfrequency andthecumulativesimilarity of theconceptwith theother
conceptsin thepage.This lastoneis basedon thesimilarity betweentwo concepts.

We first definethesimilarity measurebetweentwo conceptswhich makesit possibleto
evaluatethesemanticdistancebetweenthesetwo concepts.Thismeasureis definedrelatively
to athesaurusandto thehypernymsrelationship.In ourcontext, weusethesimilaritymeasure
definedby [29]. They proposea similarity measurerelatedto the edgedistancein the way
it takes into accountthe most specificsubsumerof the two concepts,characterizingtheir
commonalities,while normalizingin awaythataccountsfor theirdifferences.Theirmeasure
is shown in formula 3 where , is the mostspecificsubsumerof , # and ,&- , .0/1�32546
�, � is the
numberof edgesfrom , to thetaxonomyroot, and .7/1�825479:

, �
� with � in ;<�>=�?A@ is thenumber
of edgesfrom , � to thetaxonomyroot through , .



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

... ...
universityof washington 0.16

... ...
program 0.15

... ...
news 0.12

... ...
information 0.09

... ...
message 0.01

... ...

Table2: Extractedtermsandtheir weightedfrequency (sortedaccordingto the weightedfrequency). Results
comingfrom http://www.cs.washington.edu/news/

B � � 

, # =�,C- �D� ?FEG.0/1�32546
�, �
.7/1�825479:

, # �IH .0/1�325409:
�,&- � (3)

This measureperformsa little worsethantheResnik’s measure([26]) but betterthanthe
traditionaledge-countingmeasure(seerelatedworksfor moredetails).

For evaluatingthe relative importanceof a conceptin a page,we defineits cumulative
similarity. Thecumulativesimilarity measureassociatedwith aconceptin apage,notedB � � ,
is the sumof all the similarity measurescalculatedbetweenthis conceptandall the other
conceptsincludedin thestudiedpage.In this formula,a specificconceptis unifiedwith the
correspondingsynset(setof synonyms) in WordNet.The measureis shown in formula 43,
where J � synsetsareassociatedwith a term

� � , andthereare � termsin the studiedWeb
pages.

B � � 
 BLK7��B /12 � 
 � � �1�D� �1MON # � �"P$#RQ�S N �"T$# � U Q
VXW
V !$# B � � 
 B+K7��B /12 � 
 � � � = B+K7��B /12 V 
 ���Y�1� (4)

3 Z
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j is normalized



In thiscalculus,all similaritiesarenotbeentakeninto accountin orderto discriminatethe
results:a thresholdis applied.Finally, we determinea representativenesscoefficient which
determinestherepresentativenessof aconceptin adocument.Thecoefficient is a linearcom-
binationof theweightedfrequency andof thecumulativesimilarity of aconcept(formula5)4.
This coefficient is themajor oneto qualify answerto a request.The empiricalvaluesfor k
andl arerespectively ? et � .

m /1� m / B / � 2 � 2n��op/ � / B:B 
 BLKi�qB /12 � 
 � � �)�r� ksEF	�
 BLK7��B /12 � 
 � � �1�IH ltE B � � 
 BLK7��B /12 � 
 � � �1�
k H l (5)

Thetable3 showstheeffectof therepresentativenesson theconceptsorder(termsfound
in the pageare in bold font). Someconceptsarehigher in the table3 than in the table2.
For instance,news#1(weightedfrequency 0.12, representativeness0.51) or information#1
(weightedfrequency 0.1, representativeness0.59).This is a good result for a pagerelated
to a news page.If we analysethe resultmorein details,the concepts:news#4andnews#2
havea representativenessequalto 0.49.This is not very differentfrom thedegreeof news#1
which is equalto 0.51.Theexplanationis thatWordnetincludestoomuchfine-grainedsense
distinctions.In fact,in thethesaurus,thethreepreviousconceptshaveall thesamesubsumers.
Then,an automaticprocesscannotdistinguishthesethreeconcepts.Wordnetwasbuilt by
linguist andis notalwayseffective in NLP [25].

5 Associating concepts and synsets

At thispoint,wehaveontheonehandaterminologyorientedontologyandontheotherhand
candidateconceptswith their representativenesscomingfrom HTML pages.In thenext step,
candidateconceptsarematchedwith conceptsof theontology. If aconceptis in theontology
andin aWebpage,theURL of thispageandits representativenessareaddedto theontology.

To evaluatethe appropriatenessof an ontologyaccordingto a setof HTML pages,five
typical coefficientsarecalculated.Thesecoefficientsarenormalized.The first four coeffi-
cientsdefine:

u therateof conceptsdirectly involvedin HTML pages,calledtheDirectIndexing Degree
or DID;

u the rateof conceptsindirectly involved in HTML pages(calculatedby the way of the
generic/specificrelationship),calledtheIndirectIndexing Degreeor IID ;

u therateof pagesconcernedwith theontologyconcepts,calledtheOntologyCoverDegree
or OCD, which givesthenumberof Web pagesthat involve at leastoneconceptof the
ontology;

u theMeanof theRepresentativenessof thecandidateConcepts(MRC).

Thesecoefficients(DID, IID, OCD,MRC) areevaluatedfor differentthresholdsapplied
on therepresentativeness(0 to 1 with astepequalsto 0.02).For eachcoefficient its weighted

4Therepresentativenessis normalized.v ^�Z�a�b ZLc�d e ^wg h j is thenormalizedsumof all theweightedfrequency
relatedto Z�a�b ZLc
d e ^Xg h j .



Concepts Weighted Representativeness
frequency

uw#0 1.0 1.0
award#2,accolade#1,honor#1,honour#2,laurels#1 0.20 0.7
computer#1,dataprocessor#1,electroniccomputer#1,
informationprocessingsystem#1 0.41 0.68
information#1, info#1 0.1 0.59
cse#0 0.59 0.59
university#2 0.37 0.58
courseof study#1,program#4,curriculum#1,syllabus#1 0.15 0.53
calculator#1,reckoner#1,figurer#1,
estimator#1,computer#2 0.41 0.51
news#1, intelligence#4, tidings#1,word#3 0.12 0.51
news#2 0.09 0.49
news#4 0.09 0.49
voice#6 0.01 0.51
voice#2,vocalization#1 0.01 0.51
message#2,content#2,subjectmatter#1,substance#6 0.01 0.51
language#1, linguistic communication#1 0.01 0.51
article#3, clause#2 0.30 0.5
submission#1,entry#4 0.01 0.5
subject#1, topic#1,theme#1 0.01 0.5
university#3 0.37 0.42
... ... ...

Table3: Extractedconceptsafter the calculusof the representativenessdegree(sortedaccordingto the repre-
sentativeness).Resultscomefrom http://www.cs.washington.edu/news/

mean(WM) is calculated.For instance,formula6 presentsthecalculusof theweightedmean
for thedirectindexing degree(DID).

xzy0x � #
� !8{ 
|�6E xzy0x ��� (6)

Thiscalculusprivilegestheconceptswhicharemorerepresentativeof thepages.A repre-
sentativeontologyof asitehastheweightedmeannearlyequalto � . Thisevaluationdepends
on thethesaurususedbecauseit dependson theusedrelationships.Finally, theglobaleval-
uationof the indexing process(OSAD: Ontology-SiteAdequacy Degree)is a linearcombi-
nationof theseweightedmeans.Currently, thecoefficientsareevaluatedin anexperimental
way. The equation7 givesthe presentevaluationwhere B is a Web site and } an ontology.
Theexperimentshowsthatavalueof 0.3for therepresentativenessgivesgoodresults.Below
this threshold,too many conceptswith a low representativenessarekept.For this threshold,
thediscriminationof conceptsis relatively effective (thelarger theWebpagesare,themore
effective is theprocess).

~��r� x�� � ��� y0y0x�� � �
?

H xzy0x�� � �qH ?GE ~�� x�� � �qH ?GE ��� � � � � (7)



Thefigure4presentsindexingresultsrelatedto theWebsite:“http://www.cs.washington.edu/”
(1315HTML pages).This is thesiteof thedepartmentof computerscienceof thewashing-
tonuniversity. It waschosenbecauseof its apriori adequacy with ourontology. However, the
Ontology-SiteAdequacy Degree(OSAD) is notveryhigh (56%).Theexplanationis thatthe
usedontology(theSHOEontologywith someextensionsandmodifications)doesnot cover
all thestudieddomain.For instance,thestudiedsitehasnumerouspersonalWebpageswhich
arerarelyindexedby theontology. Figure5 presentsanextractof thestructuredindex.

�

�

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

10

20

30

40

50

60

70

80

90

100

Threshold

%

� OCD � MRC � DID � IID

�1� � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � �

� � � � � �
� � � �

� � �
� � � �

� � � �
� � � � �

� � � � � �
� � � � � �

� � � � � � � � � � � � �

�1� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
�

�1� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

Figure4: Someresultsof theindexing process

The indexing processcanhighlight concepts,which do not matchwith conceptsof on-
tologies.In this case,we may searchfor ontologiesrelatedto this index. In the future,we
will beableto startagaintheindexing processwhenthecontentof thesiteevolvesor when
ontologiesareupdated.Thisprocesscanonly beexecutedonmodifiedpages.

Theevaluationprocessenablesusto evaluatetheadequacy betweenthepagesof thesite
andtheontologyandthusto adoptvariousstrategiesdependingon thecoefficientsvalue:

1. thecoefficientsarecorrect:thestructuredindex is keptandexploited;

2. thecoefficientsarenotcorrect:

(a) thepageswhich arenot suitablearedeleted(theOCD and/ortheMRC coefficient
arelow);

(b) theontologyis updated(theDID coefficient is low);

(c) a new ontologyis chosenandthe index is built again(thewholesetof coefficients
is low);



<?xml version="1.0" encoding="ISO-8859-1" standalone="no"?>
<!DOCTYPE ontology SYSTEM "http://.../onto.dtd">
<ontology id="university-ont" version="3.0" description="">
<def-category name="University" short="university"

isa="EducationOrganization">
<sense name="University" no="3" origin="wn" convenience="1.0">

<synset>university#3</synset>
<page name="http://www.cs.washington.edu/info/contact/"

frequence="0.5" representativeness="0.4"/>
<page name="http://www.cs.washington.edu/info/aboutus/"

frequence="0.54" representativeness="0.49"/>
<page name="http://www.cs.washington.edu/education/courses/590m/"

frequence="0.4" representativeness="0.4"/>
<page name="http://www.cs.washington.edu/outreach/"

frequence="0.28" representativeness="0.34"/>
<page name="http://www.cs.washington.edu/mssi/"

frequence="0.5" representativeness="0.43"/>
<page name="http://www.cs.washington.edu/general/overview.html"

frequence="0.87" representativeness="0.81"/>
<page name="http://www.cs.washington.edu/education/courses/599/"

frequence="0.4" representativeness="0.35"/>
<page name="http://www.cs.washington.edu/workforce/tnt/"

frequence="0.25" representativeness="0.35"/>...
</sense>

</def-category>
<def-category name="Department" short="university department"

isa="EducationOrganization">
<sense name="Department" no="1" origin="wn" convenience="1.0">

<synset>department#1,section#11</synset>
<page name="http://www.cs.washington.edu/education/courses/444/"

frequence="0.29" representativeness="0.31"/>
<page name="http://www.cs.washington.edu/lab/facilities/la2.html"

frequence="0.5" representativeness="0.41"/>
<page name="http://www.cs.washington.edu/ARL/"

frequence="0.21" representativeness="0.32"/>
<page name="http://www.cs.washington.edu/"

frequence="0.33" representativeness="0.37"/>
<page name="http://www.cs.washington.edu/desktop_refs.html"

frequence="0.5" representativeness="0.43"/>
<page name="http://www.cs.washington.edu/news/jobs.html"

frequence="0.44" representativeness="0.46"/>
<page name="http://www.cs.washington.edu/admin/newhires/faq.html"

frequence="0.29" representativeness="0.32"/>
<page name="http://www.cs.washington.edu/info/videos/index.html"

frequence="0.39" representativeness="0.38"/>
<page name="http://www.cs.washington.edu/affiliates/corporate/"

frequence="0.5" representativeness="0.51"/>...
</sense>

</def-category>...
</ontology>

Figure5: Extractof theSHOEontologyconcerningtheamericanuniversities



6 Exploitation of our approach for query answering

Most of searchenginesusesimplekeywordsto index web pages.Queriesareoften made
up of a list of keywordsconnectedby logical operator(“and”, “or”...). In our context, we
usetheterminologyorientedontologyandthestructuredindex in orderto improvethequery
answeringprocess.Queriesarenot only processedat theterminologicallevel but alsoat the
conceptuallevel. Thisapproachprovidesseveralimprovements:

1. a user’squeryis expanded:termsaretransformedinto concepts;

2. logicaloperatorshavea richersemanticsthanin thesimplekeywordsworld;

3. theanswersaremoresuitableto auser’s query.

Thequeryexpansionis thusimprovedby theuseof ontologies.Often,whena userpro-
posesa query which containstermsconnectedby logical operators,thesetermsare often
ambiguous.In our approach,termsarereplacedby their associatedconcepts.Thecandidate
conceptsarefirst selectedin theontology. Then,theotherconceptsof thequeryandthelogi-
caloperatorsarestudied.Finally, if a termis still associatedwith severalcandidateconcepts,
theuser’s assistanceis required.If setof querytermsarenotassociatedwith any conceptsat
theendof this process,they areregardedasnot relevantfor thesite.Accordingto thelogical
operator, eitherthey aresuppressedfrom thequeryor thequeryhasno response.

Theconceptuallyexpandedquerycanbeexploitedto seekpagescorrespondingprecisely
to its content.Theontologymakesit possibleto improvetheinterpretationof theusedlogical
operators.Currently, in onehand,the“and” and“or” operatorshave thesameinterpretation
asin the traditionnalkeywordsapproach.In the otherhand,the “no” and“near” operators
have a differentsemantics.For a querycontaininga “no” operator, we addto theconcerned
concept,all the conceptswhich aremorespecificthanthis conceptaccordingto the “isa”
relationship.So,all pagescontainingtheseconceptswill berejected.The“near” operatoris
not relatedto the distancebetweenwords(numberof wordsbetweentwo words)as in the
classicalapproach.But, it is relatedto asemanticdistancebetweenconceptsaccordingto the
similarity measure[29] usedto calculatethe representativenesscoefficient. In our context,
the“near” operatorbecomesanunaryoperatorandmakesit possibleto addto thequeryall
theconceptssemanticallyconnectedto thetargetedconceptandin its neighbourhood.

7 Related works

Our choicesdiffer from relatedworksespeciallyfrom work on annotationof Webpagelike
KA2 ([9], [2]), SHOE([21]) or WebKB([22]). Thesetwo projectsannotatemanuallyWeb
pagesusingsemantictags.SHOEproposesasetof SimpleHTML OntologyExtensionto an-
notateWebpageswith ontology-basedknowledgeconcerningpagecontents.In this context,
anagentcanusethisknowledgeto manageeffectively informationrequests.

In all the cases,the goal is to usesemanticinformationto improve the informationre-
trieval. However, in theseapproaches,annotationsarestronglylinkedto document.Theau-
thor of pagesprogressively indicateshandledknowledgewhereit appears.The problemis
that any modificationor new generationof the pagesrequiresto remake entirely or partly
theannotations.Nevertheless,theprecisionof this processis extremelyfine. Moreover, the
methodsbasedon annotationaremanualor semi-manual(anuserinterfacehelpstheuserto



annotatethedocument[16]). Therefore,they arevery time expensiveandcanbecarriedout
only by specialists([15]).

However, this manualprocessis time expensive, complex, andinformationandknowl-
edgearemixed.Theinformationmanagementdifficulty is thusincreased([15]). In addition,
semanticallyannotateddocumentsarenot todayandperhapsmaybenever availableon the
Web. Thesetwo projectswork on restricteddomainandscalingup to the entireWeb is a
titanic task([15]). Moreover, in thiscontext, all Webpagebuildershaveto acceptto annotate
theirown pages.Theconsensusneededby this protocolis far to bewidely admittedandis at
theoppositeof theWeb philosophy. Anotherprojectis the “WebKB” project([22]). It pro-
posesanothermanualprocessto annotateWeb pagesusingan ontologyrepresentedwith a
conceptualgraph([27]), which is built usinga linguistic thesaurus.Evenif theusedlanguage
is differentfrom thetwo previousprojects,annotationsarealsoincludedin theHTML pages.
Moreover, the thesaurusis only usedto extendthe ontology. It is not usedto automatically
index naturallanguagedocuments.

Like in OntoSeekproject([14]), our approachaddslinguistic attributesto ontologiesus-
ing the WordNet thesaurusto improve our semi-automaticWeb site knowledgediscovery.
Guarinocallsthisprocessadisambiguationprocess. However, themanualprocessOntoSeek
usesontologiesnotto definetheknowledgeof aWebsitebut to find user’sdatain alargeclas-
sical databaseof Web pages.Anotherprojectproposesa similar process:the Mikrokosmos
project([25]) to provide a knowledgebasefor machinetranslationprocess.This processis
anothersemi-automaticprocess(theusercanimprovemanuallythedisambiguationresults).
It studiesseveralheuristics.Themostimportantareanhierarchicalheuristicsandasimilarity
heuristics.The hierarchicalheuristicsusesthe generic/specificrelationshipin the ontology
and the relationshipof hyperonymy in the thesaurus.For [25], the hierarchicalheuristics
seemsto be the moreeffective to selectsenses.Therefore,we chooseto usethis heuristics
andto improve it.

Someprojectsof the KDD (KnowledgeDiscovery in Databases)communityare inter-
estedby extractingknowledgefrom Web sites.[8] apply techniquesof KDD to keywords
which areattachedto thedocumentsandwhich arethenregardedasattributes.Thesemin-
ing techniquesusestatisticalanalysisto discover associationrulesand interestingpatterns
overkeywordsdistributionsandassociations.Otherresearchers[18] usetermsautomatically
extractedfrom documentsto characterizethedocumentandto find associationswhich con-
nect the termsto the documents.Another approachis to apply KDD techniquesafter the
useof informationextractiontechniques,which transforminformationlocatedin texts into a
structureddatabase[6]. Otherapproaches[20] mixeNLP techniquesandKDD techniquesto
extractautomaticallyinformationfrom documents.They donotusekeywordsasattributebut
useconceptswhich areacquiredby theway of a thesaurus.Theapproachof thelastauthors
seemsthe most interestingbecausethey do not work any morewith simplekeywordsbut
with the conceptsincludedin documents.Comparedto KDD techniqueslike [20], we also
work on conceptuallevel insteadon the simplekeywords level. But we take the option to
have linguistic processingmuchfiner andespeciallywe privilegean a priori knowledgeon
the studieddomain(oneor several ontologies).[20] usea priori knowledgeon the studied
domain(a thesaurus)exclusively to extract the conceptsof the pages.In our approach,the
conceptsarealsoextractedfrom thepagesusingathesaurus,but theindexing processitself is
alsobasedon anontologyof thedomain.[24] assertsbesidesthatfor aneffectiveextraction
of knowledge,apriori knowledgeonthestudieddomain(for exampleontologies)is essential.

Many measuresof similarity aredefinedin relatedworks.For [19], theinformationshared



by two conceptsis indicatedin an“isa” taxonomyby themostspecificconceptthatsubsumes
them.The semanticsimilarity of two conceptsin a taxonomyis the distancebetweenthe
nodescorrespondingto theitemswhich arecompared(edge-counting).Theshorterthepath
from onenodeto anotheris, themoresimilar they are.Givenmultiple paths,onetakesthe
lengthof theshortestone.

A widely acknowledgedproblem([26]) with this approachis that it relieson thenotion
that links in thetaxonomyrepresentuniform distances(but it is mostof thetime false).[26]
describesanalternativewayto evaluatesemanticsimilarity in ataxonomybasedonthenotion
of informationcontent.All links in a taxonomyareweightedwith an estimatedprobability
(conceptoccurrencesin corpora),which measurestheinformationcontentof a concept.The
main ideais: the moreconceptsshareinformation,moresimilar they are.The information
sharedby two conceptsis indicatedby theinformationcontentof theconceptsthatsubsumes
themin thetaxonomy. Theprobability � of aconcept, is basedontheprobabilityassociated
with theconceptplustheprobabilityassociatedwith all its descendantconcepts.��

, � is then
usedto calculatetheinformationcontentof aconcept, which is equalto ��J
}+��
���
�, �1� .
8 Conclusions

In this paper, wehavepresenteda semi-automaticprocessto index a Websiteby its content.
This processbuilds a structuredindex coming from an ontologyandpagesof a Web site.
After the constructionof a flat index whereall termshave a weightedfrequency, we deter-
minecandidateconceptsassociatedwith theseterms.For eachconcept,a representativeness
coefficient is calculated.Finally, themostrepresentativeconceptsin aWebpageareselected,
andthosewhich belongto theontologyarekept.Thefinal structuredindex is organizedac-
cordingto theontology. With eachontologyconceptsa setof Webpagesis associatedfrom
wherethepotentialconceptswereextracted.

Thisprocesscomprisesanumberof advantagesonthetraditionalindexing methods(only
basedonkeyword retrieval) andevenon themethodsof Websiteannotation:

1. selectedpagescontainnotonly thekeywordsbut alsotherequiredconcepts;

2. theseconceptsarerepresentativeof thetopicstreatedin selectedpages;

3. termswhich areresponsibleof thepageselectionarenot alwaysthoseof therequestbut
canbesynonyms;

4. pagescancomprisenot only therequiredconceptsbut alsomorespecificones;

5. theimportanceof aconceptdependsnotonly onits termfrequency but alsoontheHTML
markerswhich describeit andon its relationswith theotherconceptsof thepage...

Theindexing processcanbeusednotonly for retrieving informationbut alsofor valueing
the appropriatenessof a Web site with regardto a domainor a knowledge.This latter case
enablesusto classifyaWebsitein ahierarchicalindex of aclassicalsearchengine(Yahou!,
Excite...).Note that suchhierarchiescan be themselves consideredas generalontologies
([17]).

Currently, otherWebsiteson americanuniversitiesareindexedin orderto comparetheir
resultsto thoseof the Washingtonuniversity. In order to improve the indexing results,we
mayalsoimprovethecoveragedegreeof theontologyonour studieddomain.Westudyalso



otherrelationshipsthanthe generic/specificrelationshipin orderto improve the processof
conceptsextraction.Wehavedevelopedameasureaccordingto thecompositionrelationship,
but wemustalsoevaluateit in anexperimentalway.

Theresultspresentedin thispapercanbeusedin variousapplications.They arecurrently
being incorporatedwithin the Bonom Multi-agent system([5], [4]) to searchfor relevant
informationon theInternet.Thesysteminvolvesdifferenttypesof agentsamongwhich“site
agents”which encapsulateinformationsources.The methodswe proposeareimplemented
within thesiteagents.They greatlyimprovethesiteanalysisprocessandthequeryanswering
process.
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