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Foreword

When we started the organization of the workshop, it was clear that the Se-
mantic Web and Web Mining are two fast-developing research areas which have
many points of contact. However, there was not yet a precise idea what the
integration of the two areas might look like in detail. The workshop aims to
advance the convergence between Semantic Web and Web Mining research by
bringing together researchers and practitioners from these two areas. Our aim is
to improve, on the one hand, the results of Web Mining by exploiting the new
semantic structures in the web, and on the other hand to exploit Web Mining
for building the Semantic Web.

The Semantic Web is based on a vision of Tim Berners-Lee. He suggests
to enrich the web by machine processable information which is organized on
different levels (see http://www.w3.org/Designlssues/Semantic.html). For Web
Mining, the levels from XML and RDF to ontologies and logics are of particular
interest. Web Mining applies data mining techniques on the web. Three areas
can be distinguished: Web usage mining analyzes user behavior, web structure
mining utilizes the hyperlink structure, and web content mining exploits the
contents of the documents on the web.

In the workshop, we want to discuss the use of XML, RDF, ontologies, and
logics for the three web mining areas; and the support of web mining techniques
for building XML and RDF schemes and ontologies. There are quite a number
of people from different communities that approach the field of Semantic Web
Mining from different, interesting angles. The goal of the workshop is to establish
communication between these communities.

The contributions to this workshop represent different approaches to Seman-
tic Web Mining:

A number of methods are proposed for learning domain ontologies. These
range from learning from natural-language data to exploiting existing meta-
data representations. Engels, Bremdal, and Jones present a method that ex-
tracts information from natural-language data and produces a graph visualiza-
tion of relations between concepts, as well as XML/RDF ontologies. Kurematsu,
Nakaya, and Yamaguchi describe an approach for constructing domain ontolo-
gies from machine-readable dictionaries and text corpora. Clerkin, Cunningham,
and Hayes cluster objects described by their attributes to generate class hierar-
chies expressible as RDF schemas. Kavalec, Svdatek, and Strossa use web direc-
tories like Yahoo! as training data for automated meta data extraction.

Domain ontologies become more useful when they are related to the users
and their individual interests and preferences. Learning from a user’s prior inter-
action with the system can supply useful data for it. Kiss and Quinqueton deal
with the learning of user preferences. Their multi-agent system is dedicated to



corporate memory management in an intranet. Semantic structure on the Web,
together with the mining of user navigation histories, can directly lead to better
adapted user interfaces. Mobasher describes an adaptive agent for information
retrieval which uses a concept hierarchy of terms found in documents, together
with clusters summarizing user search histories, to (semi-)automatically improve
queries.

Lastly, it is important to develop integrating architectures that range from
ontology learning to the display of results for the user. Haustein describes an
agent-based blackboard architecture that connects mining components, ontolo-
gies, and applications, as for instance an interface for generating HTML. Le
Grand and Soto cluster XML topic maps, online equivalents of printed indexes,
by means of Formal Concept Analysis, to define profiles. Their aim is to support
navigation and understanding of the set of documents.

With this collection of research papers, we aim to provide a starting point
for the convergence of the Semantic Web and Web Mining. We wish to express
our appreciation to all the authors of submitted papers, to the members of the
program committee, and to the additional reviewers for making the workshop a
valuable contribution to Semantic Web Mining.

July 2001 Bettina Berendt
Andreas Hotho
Gerd Stumme
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CORPORUM: a workbench for the Semantic Web

R. H. P. Engels, B. A. Bremdal and R. Jones*
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P.O. Box 610, N-1754
Halden, Norway
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July 31, 2001

Abstract

"Web semantics’ has for a long time
been a term without much content. The
web is organizing itself, and its pages
are typically added in a random and
ad hoc fashion by everybody who feels
like contributing. Typically, there has
not been much concern about how to
present contents in the best way, other
then pure lay-out issues. This fact, com-
bined with the fact that the representa-
tion language used at the world wide web
is mainly format oriented (i.e. not de-
pending on a complex formal logic rep-
resentation mechanism), makes publish-
ing on the WWW easy, giving it its enor-
mous expressibility. Although widely ac-
knowledged for its general and univer-
sal advantages, the increasing popular-
ity of the web also shows us some ma-
jor draw-backs. The developments of the
information contents on the web during
the last year alone, clearly marks the
need for some changes. Perhaps one of
the most felt problems with the web as
a distributed information system is the
difficulty to find and compare informa-
tion which is provided on it. Many peo-
ple add private, educational or organi-
zational content to the web which is of

*CognIT a.s is a full partner in the EU-
funded project “OnToKnowledge” IST-1999-
10132. The authors wish to thank aidministra-
tor Nederland BV for the usage of their visual-
isation tools used to visualise the structure of
figure 4 within this article. Please refer to the
workshop website for the final version.

immense diverse nature. Content on the
web is growing closer to a real univer-
sal knowledge base, where there is only
one problem relatively ’'undealt’ with;
the problem of the interpretation of such
contents.

In this paper, the authors provide a
discusson on a technical solution which
is aimed at helping the web to become
more semantic. The CORPORUM tool
set that is developed for this task exists
of a set of programs that can fulfill a va-
riety of tasks, either as ’stand-alone’, or
augmenting each other. As the aim of
the semantic web is to enhance the preci-
sion and recall of search, but also enable
the use of logical reasoningon web con-
tents in order to answer queries. Impor-
tant tasks that are dealt with by COR-
PORUM are related to information re-
trieval (find relevant documents, or sup-
port the user finding them), but also
information extraction (can we built a
knowledge base from web documents to
answer queries?), information dissemi-
nation (summarizing strategies and in-
formation visualisation), and automated
document classification strategies per-
formed by so-called intelligent agents
which are present on the world wide web
on a pertinent basis. The current article
discusses the CORPORUM tool set and
shows how it can support generation and
utilisation of semantics on the web.
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1 Two scenarios to put
more semantics on
the web

Generally speaking, there are two funda-
mentally different scenarios in which the
world wide web could evolve further. Ei-
ther the currently existing mass of docu-
ments available on the web can be anal-
ysed in its current ’as is’ form and con-
tents can be extracted from it, or the rep-
resentation format of the world wide web
is changed up front so that documents
are available in a format that expresses
such ’semantics’ more explicit.

Each of these approaches have their
own drawbacks, a fact that might be the
reason that there is still an ongoing de-
bate on what the next generation Inter-
net should look like. The disadvantage
of flat’, mainly format based represen-
tation languages (cf. HTML, LaTeX)
is that they mix information on content
(the text a writer wants to disseminate)
and the format in which this is done (lay
out issues). Such a disadvantage is to be
opposed to a rather easy to learn lan-
guage, so that virtually anybody with
web access can easily publish informa-
tion, knowledge and opinions.

Another reason for the need for more
web semantics is that although the web
is a media for publishing content, far
from all its contents are created on or
for it! In most cases documentation has
to be reformatted and analysed before
it can be published on the web, and
extracting semantic contents from such
un(web)structured documents might ap-
pear not to be easy at all.

Using an explicit representation lan-
guage with clear semantics, where con-
tent is represented explicitly, usually sets
a halt to the ease of use for most average
users. Using ’higher’ representation lan-
guages (cf. XML/RDF, or formal lan-
guages) in a similar manner as todays
web publishing tools might therefore not
be the best way to go, because it is ex-
pected to thwart publishing and sharing
his or her knowledge and thoughts due
to its higher complexity. Additionally,
backward compatibility of a new seman-

tic web representation language should
be guaranteed.

Having had this debate for a few years
now, in the meanwhile consensus seems
to be that a combination of the two ap-
proaches could solve most of its draw-
backs. As possible solution one can
imagine tool support in order to either
analyse pages that are not represented
in a ’semantically rich’ manner, or offer-
ing graphical interfaces (editors) to peo-
ple that support creating such semantic
representations (semi-)automatically.

These two scenarios are both seen as
important, as long as they coexist on
the web. A variety of projects with
semantic representation languages have
shown that representing all web con-
tents in ’higher order languages’ might
not be feasible unless more automated
approaches become available. However,
an increasing acceptance of more se-
mantic representation language on the
web can be noticed and several initia-
tives aim at supporting them. Sev-
eral project are initiated world-wide to
support the semantic web ([FvHKA99],
[Hen00], etc.), languages, extensions on
languages and query languages are de-
fined ([BGOO], [FHH*00]) and tools
for (semi-)automatic content extraction
are implemented ([BJ99], [oMAGO0],
[2A00]).

Nevertheless, last years of research, be it
conducted government supported or pri-
vate, have shown emerging technologies
that, although often predicted and al-
ready initiated for many years ago, only
recently unleashed some of the power
that lies in a combination of semantic
analysis and distributed information sys-
tems. One of these tools is developed in
the private sector during the past four
years, and has grown mature enough to
serve as bottom technology in a variety
of products, as well as in co-operation
projects on a European level (cf. the On-
ToKnowledge project [FvHKA99)]).
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Figure 1: Core Analyser components’ MiMir functionality.

2 Description of the
CORPORUM system

For building up, utilising and maintain-
ing the semantic web, there are a variety
of tasks that are to be dealt with. All
of these tasks find their raison d’etre in
the fact that people need to get on top
of the information overflow they get of-
fered to them. This holds for individ-
uals learning, organising and interact-
ing on the web as much as for organisa-
tions that want their employees to mu-
tually benefit of a better directed, bet-
ter understandable and more clear in-
formation and knowledge sharing facility
([BJS199)).

On the theoretical side the semantic
web is defined as the means by which
this could be reached. At the techno-
logical side the CORPORUM tool set is
defined as the server for semantic analy-
ses ([BJ99], [EB00]). These analyses are
performed by CORPORUMS’ core com-
ponent, a semantic analyser component
called MiMir. Whereas MiMir is the core
analysis component in the CORPORUM

tool set, this very component can be used
in a variety of settings due to its ability
to extract contents, generate a semantic
representation of the concepts (implicit
as well as explicitly present in texts), re-
lationships and roles. MiMirs’ function-
ality is based on more formal compu-
tational linguistics. The computational
linguistic paradigm (cf. figure 2 and
[EB00]) takes place on three main levels:
the phonological level, word level, sen-
tence level and the supra-sentential level
(very similar to the discourse level).

On top of this basic functionality, the
analyser component has the ability to
compare such representations of mean-
ing, in order to find out how similar they
are. Based on the results of this similar-
ity analysis, the MiMir component offers
advice on which documents are most per-
tinent to a specific analysed text, and re-
turn those parts in targeted documents
most similar to a particular input text
(cf. figure 1).

As soon as embedded in the COR-
PORUM tool set, the MiMir compo-
nent is able to unleash its real strengths
and serves as the ’brains’ of intelli-
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gent agents gathering intelligence of all
sorts on the web, be it medical knowl-
edge for a specific new pro-leukine based
medicine, a student wanting to collect
material for a course or business intel-
ligence about potential market opportu-
nities or treats. For the intelligent agent
scenario, a web server component, a
database server, mission schedulers and
a client server component are included.
Another component in the CORPORUM
tool set is the Summariser, which is capa-
ble of making summaries of texts based
on a MiMir supported analysis of where
the real information contents reside in
the document. Alternatively such sum-
maries can be made interest-driven, by

using an interest profile (in the form of
a natural language text) and generate
summaries according to these.

Reflecting on the above, it can be said
that three main scenario’s for applica-
tion of MiMir are most pertinent: a)
extraction of information from texts for
building knowledge bases, b) retrieval of
information from other sources (search
scenarios) and c) strategies to compact,
visualise and disseminate information to
people (dissemination and navigation).
With the semantic web philosophy of
an explicitly represented semantics as a
given (RDF/OIL), the scenarios b) and
¢) become less important for the current
discussion and we will therefore only pro-
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=Pl wersion="1.0"?=
=IDOCTYPE CONCEFTGRAFH [|=
=CONCEFTGRAPH=
=COMWCEPTLIST=
=CONCEPT=
<NANE=text interpretation prograr=</NANE=
=JCONCEPT=
<CONCEFT=
=NA&NE=text analvsiz engine</HAME=
<JCONCERT=
=[CONCEPTLIST=

=IH3TANCELIST=
=INSTANCE=
<NANME=corporum <t A NE=
<MNSTANCE=
=INSTANCE=
“NANME=mirir</HANE=
=MHETANCE=
</THETANCELIST=

=RELATIONLIST=
<RELATION TYFE="IS4"=

=CONCEPTHAME=corpo nra=fCONCEFTH AIWE=

=3 TRENGTH=0.4000</5TRENGTH=

=CONCEPTH ANE=text interpre tation prog ram

=[COHNCEFTHAME=
=R ELATION=
<RELATION TYFE="ISA"=

=CONCEFTHANE=corpo nn=fCONCEFTH AIE=

=53 TRENGTH=0 4000=/5TRENGTH=>

<RELATION TYPE="[54"
=CONCEPTN ANE=mimir<ICONCEPTHAME=
=5 TREMGTH=0.7000=/3TRENGTH=
=CONCEPTH AME=text analysis engine
=/[CONCEPTHAME=
</RELATION=

<BELATION TYFPE="UNIV"=
=CONCEPTHAME=corpo nra=/ COMCEFTH AIWE=
=5 TRENGTH=0 4000=/3TRENGTH=>
=CONCEFTHAME=mimir</CONCEFTHANE=
</RELATION=

<RELATION TYPE="SUBCLASSOF "=
=CONCEPTH ANE=text interpre tation prog rar
=[CONCEPTHAME=
=3TREMGTH=0.1000=/S TRENGTH=
=CONCEPTHN ANME=program=CONCEFTHANME=
<R ELATION=

“RELATION TYPE="3UBCLASSOF"=
<CONCEPTHANME=text analysis engine
=/[CONCEPTHAME=
=3TREWGTH=0.1000=/5TRENGTH=
=CONCEPTHNANME=e ngine=/CONCEFTHAME=
<[EELATION=

=[FELATIOMLIST=

=CONCEPTHANME=text analyeis engine </CONCEPTHAME= [ «</CONCEPTGRAPH=

=/[FELATION=

Figure 3: An XML export based on a SemStruc.

vide short examples of them. Focus of
this text will be on the generation of ex-
plicit knowledge and information from
a specific text, so that it can be used
for building knowledge bases and ques-
tion answering (cf. RDF query language
and tools [KCPAO0O]). Eventually gener-
ated knowledge bases contain results of
semantical analysis of (web) documents
and techniques to “mine” the underlying
concepts and relations.

2.1 Making content explicit

For the question answering scenarios,
but even for visualisation of contents for
easy graphical interpretation, the con-
tent of the texts found on f.e. the web
should be made explicit. There are sev-
eral ways of performing content analysis,
all having their own definition of mean-
ing. An often found approach to con-
tent analysis is the statistical approach.

In such approaches, words are not re-
garded as representing real-world arti-
facts of specific sorts, but are merely
seen as patterns with statistical prop-
erties (frequencies and co-occurance fre-
quencies). Typically an advantage of
such an approach is that information re-
trieval can be made relatively language
independent (pattern matching is uni-
versal), and is implemented rather com-
putationally efficient. Instead of using
pure statistical methods, Vector Space
Models possibly combined with neural
net technology or genetic algorithms, are
also used. A mayor drawback of such
approaches is the fact that elements in
word-vectors typically have to be ex-
act matches, causing certain word forms
not to be recognized as being similar,
even if they principally are (cf. plu-
ral and singular forms of words, differ-
ent tenses of verbs, etc.). Whereas the
problem with different suffixes (as in plu-
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Figure 4: A visualised SemStruc generated from a CogLet (simplified version)

ral/singular and verb-tenses) has some
solutions, there is less clarity on how to
deal with synonyms, antonyms, etc.

On the other hand, there are pure
formal grammar approaches, aiming to
grasp meaning and semantics in a more
formal sense. The definition of con-
tent as used in the semantic web de-
fines meaning as an ezplicit representa-
tion of the intention of a texts’ author.
A natural way to represent such an ex-
plicit representation could be a (graph-
ical) structure containing all concepts
that play a role in a certain discourse, in-
cluding intended concepts and relations
between those (cf. three related con-
cepts “Luther”, “Martin” and “King”
vs. a single ’intended’ concept “Martin
Luther King” bearing all semantic infor-
mation in a single artifact. The concept
of MLK could then be related to for ex-

ample the concept of “civil rights leader”
through grammatical sentence analysis).
On top of this basic structure, concepts
can be classified (f.e. ’instance’, ’con-
cepts’, 'numbers’ and ’names’). Cur-
rently MiMir is able to grasp the differ-
ence between specific types of relations
that hold as well as a categorisation of
the concepts it deals with. This capa-
bility makes MiMir not only suitable for
typical Information Retrieval tasks, but
also supports knowledge building for the
semantic web and provides the informa-
tion needed for question answering.

Linguistic Text Analysis

As discussed above, the basic analysis of
a text as performed by MiMir is based
on a tokeniser, a Part-Of-Speech tag-
ger, stemming algorithms, Named Entity
recognition facilities as well as a propri-

odern state
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etary algorithm for generating concepts
out of single words (cf. figure 2). From
the information that is gathered during
these analyses, a CogLet representation
is generated which puts all information
in relation and defines the context in
which information should be interpreted.

The information residing in a single
CogLet can now be used to export se-
mantic structures (so-called SemStrucs).
SemStrucs can be represented in XML
format, which could be fed into visual-
isation algorithms. CogLets also con-
tain the necessary information to anal-
yse web pages and augment them with a
Resource Description Framework (RDF)
part describing document meta data (ac-
cording to Dublin Core) and a light-
weight ontology based on the analysed
natural language text contained in the
document.

Semantic Structures in XML

Information contained in a CogLet can
also be exported into an XML format,
so that it can be used as semantic an-
notation on a web site or in a knowl-
edge base. XML has been chosen be-
cause it is regarded as the next step up-
ward from standard HTML annotations.
Only a subset of the information in the
CogLet is used for the XML generation,
while containing enough information for
the generation of graphics.

Figure 3 provides an example of such
an XML representation. Relations in
such visualisations are not only typed,
but also annotated with a calculated
heuristic strength. The XML repre-
sented information in figure 3 could be
used as input for the graph visualiser.

Visualising Semantic Structures

As mentioned before, one of the
strengths of SemStructs is that they can
be used for visualisation interests and
contents. This capability allows for us-
age in visual browsers and navigators
based on larger document sets, and to
offer people an at-a-glance overview over
the information they have access to.

Figure 4 shows a simplified! struc-
ture created from a SemStruc gener-
ated by a CogLet and visualised with
CCAviewer?. The structure shows the
semantic clusters around the person
“Ghandi”. There are three main clusters
recognisable, one dealing with Ghandi’s
roles (<young radical>, <leader> and
<talent>), one dealing with his philos-
ophy (<satyagraha>, <non-violence>
and <insight>) and one dealing with
the violent world Ghandi fought against
(<colonialism>, <violence>, <total
rejection>, <western materialism>).

Pictures that are thus automatically
generated from natural language texts
provide an at-a-glance overview over a
piece of information. Such pictures can
then be used in order to augment exec-
utive summaries and readers aids, but
they are also used as visual interfaces to
databases (preferably in corporate set-
tings). As such they augment knowl-
edge management systems, where they
provide a visual entrance to pieces of in-
formation pertinent to specific interest
groups within an enterprise.

As an example of the expressive power
of the SemStrucs, one might take some
time to analyse figure 4 and try to imag-
ine what the original text is about, and
which ’discourses’ the original document
contained.

Augmenting web sites with RDF

Within the OnToKnowledge project,
RDF with extensions are used as repre-
sentation language for the semantic web
(cf. OTK: [FvHKA99], OIL: [HFB*+99]).
The CORPORUMontoEstract cOMpo-
nent is directed to the generation of a

TAs SemStrucs represented in
XML/RDF/OIL are formal representations,
they will easily grow too large for inclusion in
a paper. Hence the very short '"CORPORUM’
text example. The visualisation of SemStrucs
condenses texts, and could therefore be based
on a larger-sized text (about Ghandi).

2The CCA viewer is a product by Aidmin-
istrator Nederland BV. It uses CogLet gener-
ated SemStrucs to generate pictures based on
so-called augmented Spring Embedder technol-
ogy (cf. figure 4). CCA stands for Central Con-
cept Area, referring to the information created
by the SemStrucs.
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light-weight ontology’ based on linguis-
tic analysis by CORPORUM in combi-
nation with the information that Sem-
Strucs can provide. This means that
formal taxonomic relationships that hold
in the discourse at hand are disclosed
and made explicit as a set of RDF
tuples. Additionally, traditional web
pages are augmented with Dublin Core
meta data, also generated automatically
by the CORPORUMopioEziract COMPO-
nent?.

Figure 5 provides an example of such
automatically generated DC and onto-
logic knowledge. The attentive reader
will notice that there are two con-
structs declared that are not used in
the example, i.e. <isRelated> and
<hasSomeProperty>. These two con-
structs are defined in the OIL language.
Whereas a typical ontology often rep-
resents a taxonomy (the ontology in
the example is no exception on this),
<isRelated> refers to cross-taxonomic
links that can hold within a domain
and, if represented, can make a differ-
ence in finding needed information based
on context descriptions. As an example
one can imagine two CCA concepts like
<oil-rig> and <ship>. Such concepts
are not typically ’close’ in a traditional
ontology, where they are not found as
sub-classes of vehicles (<oil-rigs> are
not typically means of transportation),
neither as sub-class of a concept like
<building>, <floating device>, etc.
Nevertheless, people working in the oil
industry typically regard the two con-
cepts as highly related, not in the least
due to their natural ’symbiosis’ in ev-
eryday ’life on the rig’. CORPORUM
is however able to capture such cross-
taxonomic links and represent them us-
ing the <isRelated> structure.

The other construct
(<hasSomeProperty>) is the most
general, universal relation type re-
flecting part-whole relations within
a taxonomy. It is currently used in

3DC meta data includes information
about author, key concepts, summary of
the content of a document, its URI, etc.

Dublin Core meta data is described at:

http://purl.oclc.org/dc.

CORPORUMOopntoEztract to define not
further specified part-whole relation-
ships between a <concept> and a
<specifier> of that concept. How-
ever, in some cases there is knowledge
available from the Knowledge Base that
allows us to further refine the type of
properties are actually present. In such
cases, CORPORUMontoEstract Will
query the KB in order to find out how
it can enhance its knowledge represen-
tation. At current this process extends
Ontology generation in RDF from being
single text based linguistic analysis into
an augmentation process where pre-
viously generated ontologic knowledge
(containing “background” knowledge
about the domain) is taken into con-
sideration as much as possible. After
having augmenting the ontology gener-
ated by CORPORUMOntoEztruct thus;
the complete RDF(S) representation is
send to the RDF repository maintained
for ontology storage (OntoKnowledge -
Sesame at the moment).

Future Developments

While used in a variety of commercial
products, ranging from Intelligence Por-
tals, Intelligent Crawler Systems to Sum-
marising Tools and Visualising Compo-
nents, the CORPORUM tool set is sub-
ject to continuous improvement. Cur-
rently the system is able to deal with
English, German and Norwegian texts,
whereas more of the European languages
(French, Spanish, Dutch) are expected to
be added soon.

The MiMir component is also subject
to continuous improvement, so that the
CogLet generated SemStrucs get an even
richer 'meaning’ representation model.
At the same time the functionality of the
core MiMir component is enhanced in
such a way that it can serve many more
tasks (think of enhanced summarising,
including smoothing, discourse recogni-
tion, as well as a more flexible Natural
Language based readers aid.).

An issue that is currently dealt with
is directed to scenarios where one wants
to ’answer questions’. In such cases
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L, s T e
Ontalogy, generated by CMCogLib DLL CMCoglin: 1.0.4 28 CognlT
as, Halden, Norway—>

<rdl ROF
wrrins: rof="hitp e, w3, cea BEOIZIZ2-rdl-syrlax-nsk
wrrins rats="htp: b w3, org 2000/ fref-schermat”
wrmins: de="nite purl crgldeielermnents] 11
wmins:deg="hilp ipurl ergideiqualifersi 10>

«<!-- Begin Dublin Core Based Ontology Metadata —>

<rdf Description abaut="">
<de THle>CORPORLIM s 3 text interpretation program-</dc Tite=
=<dc Creator=CMCogLib DLL CMCoglib: 1.0 .4,28</do Creatar>
<didescripion>CORPORUM Is a text interpretation program,

MIMIR Is the text analysis engine used by CORPORUM,

<l deseriptian=
<ie tale2001-06-06-</dc date>
<de typetext<ide ype
<de farmat=-textipian</de lormat>
=g language=en-us<ide language>

<irdf, Descriptian=

<= End Dublin Core Based Ontology Metadata —
<l Begin Properties -

<rdf Property rdfID="hasSomePropery">

niver
<roiclomain sfresaurues i A w3 org 20000 et schema#Resoyroe't>
<rdfs range rdf hitp e, L ieral >

<rdl Property rdfD="vweaklyRelatedTo">
<rdfs comment>the weak relation type <irdls comment=
<rdfs domain ol resaurce="hHp fww, w3, orgl20000H rell-schemaClass'/>
<rdfs range rdf http: e w3 -schematiClass't>
<irdf Property>

<rdl Property rdf D="related To">
=rdfs camment=the “medium” relabon type <frdfs camment=
<rdfs domain ol resaurce="hitp fhww, w3, argf2000H irdf-schematClass />
<rdfs range rdf http: e w3 -schematiClass't>
<irdf Property>

<rdl Property rdfD="stronglyRelatedTo">
<rdte camment>the strang relation tyee <lels comment>
<rdfs domain ol resaurce="hHp b w3, arg.'2DDDltI|.’rur schemsul:lags I
<rdfs range rdf http: e w3 HClass"

<l-- End Properties >

“rdi. Lescriplion rdf. about="text_analysis_engine >
=weaklyRelatedTo rdf rescurce="#analysis’t>
<irdf. Description=

1-- Begin Ontelogy Deseriptien—>

<rafs: Clags rdf | D="text" />
<relf Dessription rdfabaut="text_analysis_engine'>

<weaklyRelatedTe rdf rescurce="dengine">
<irdf: Desenptian=

<rdfs: Class rdf | D="interpretation"/>

<relfsClass rdfID="program'f>

<1 Description rdf:abaut="text_analvsis_ enaine”>
cweaklyRelatedTo rdf ressurces="#IMIR"/>

<irdf. Descriplian=

<rdfs: Class rdf | D="analysis"/>

<rdls:Class rdfID="engine">
<relf Dessription rdlabaut="text_analysis_engine'>

<rdlts: Class rdfID="text_interpretation_program's ot ;
il oo b bl weakRelalecTa rdlrescurcer ¥CORPORUM >
<irdts Class> it
<relfs Class rdfID="text_analysis_engine"> Teeyd eas niclogy =
<rdis subClassOl ol resaurce=-#engine/> !
<irdts Class>

<text_interpretation_program rdfI0="#CORPORUM">

<lext_analysis_enging rdl ID="#CORPORLIM">

<lext_analysis_enging 1ol ID="RMIMIR">

<rdl Description rdlabout="text_interpretation_prograrm’s
<weaklyRelatedTe rdl rescurce="ext">

<irdf: Descrption=

<1t Descripton ratabaut="text_inferpretalion. progrant'>

<irdf. Deseriplion=

<ret Description rdtabaut="text_infarpretalion. progrant'>

<irdf. Deseriplion=

<rdl Description rdlabout="text_interpretation_prograrm’s
<weaklyRelatedTe rdf rescurce="RCORPORLIM >
=/rdf Descriptian=

<ref Description rdfabaut="text_analysis_engine's
<weaklyRelatedTe rdf rescurce="stext T
<irdf: Descrption=

<ref Description rdfabaut="text_analysis_engine's
<weaklyRelatedTs rdf ressurce="#analysis"/>
<irdf. Descriplian=

<rdl Description rdl:about="text_analysis_engine">
<weaklyRelatedTa rdf rescurce="dengine"t>
<irdf. Descriplian=

Figure 5: An excerpt of CORPORUMontoEztract generated RDF annotation in-

cluding Dublin Core meta data.

more separated information should be
available that f.e. can make the dif-
ference between a concept (i.e. <car
manufacturer>) and an instance thereof
(i.e. 'Renault’). The question what the
difference between instances and con-
cepts actually is is not always straight-
forwardly answered, as can be learned
from ongoing discussions at the academic
level on this topic. Therefore further
development of CORPORUMOont0Eztract
within the OnToKnowledge project will
be directed towards the (semi-?) auto-
matic generation of RDF represented ’se-
mantic’ knowledge, which is to be used
by reasoning and query engines devel-
oped within the very same project. More
specifically, the algorithms defining the
<isRelated> relationships will be re-
fined in order to more precisely reflect
the specifiers of concepts holding in spe-
cific domains (i.e. instead of currently
stating that a specific instance<car_01>
has a property <isRelated> with value
<red>, it might be able to refine
the <isRelated> property with a sub-
relation <hasColour> with the same
value.

The CORPORUM tool set as such
tends to grow with the functionality
of its core component as well as with

the imagination of and familiarity with
Knowledge Management scenarios by
key 'Knowledge Managers’ in the large
enterprises we cooperate with. It is
our experience that in many situations
there is a larger problem in making peo-
ple understand the potential on a hu-
man and organisational level of seman-
tic tools, as that there is showing the
technical principles behind it. One can
discuss why this is the case, the main
reason possible being that larger enter-
prises tend to have capable people work-
ing with what we would call ’Knowl-
edge Management’, although the enter-
prise as a whole does not always seem
to realise enough the benefits of actu-
ally integrating/implementing solutions
developed by such KM departments at
a company width scale. An acceptance
of the industry of the possibilities of the
semantic web should be boosted by the
availability of tools to support it. Al-
though currently only tested in smaller,
controlled environments, the tool set dis-
cussed in this paper seems to address
many of the issues raised in this paper.
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Abstract. How to exploit a machine-readable dictionary (MRD) and
text corpus in supporting the construction of domain ontologies that
specify taxonomic and non-taxonomic relationships among given domain
concepts are discussed here. a) In building taxonomic relationships (hi-
erarchy structure) of domain concepts, some hierarchy structure can be
extracted from MRD with marked sub-trees that may be modified by
a domain expert, using both matching result analysis and trimmed re-
sult analysis. Domain-specific hierarchical structure can also be extracted
from text corpus, using pairs of concepts that turn to be located near and
have similar context by WordSpace. Thus two different kinds of hierar-
chical structure change into unified one with additional modification by a
domain expert. b) In building non-taxonomic relationships (specification
templates) of domain concepts, we construct concept specification tem-
plates that come from pairs of concepts that turn to be located near and
have similar context by WordSpace. A domain expert does the task based
on them later. The case study with some law called CISG shows us that
the trade-off between precision and recall is so important in practically
building domain ontologies.

1 Introduction

Although ontologies have been very popular in many application areas, we still
face the problem of high cost associated with building up them manually. In
particular, since domain ontologies have the meaning specific to application do-
mains, human experts have to make huge efforts for constructing them entirely
by hand.

In order to reduce the costs, automatic or semi-automatic methods have
been proposed using knowledge engineering techniques and natural language

This paper is identical to the one published in IJCAT’01 Workshop on Ontology Learn-
ing
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processing ones (cf. Ontosaurus [Swartout et. al. 1996]). The authors have also
developed a domain ontology refinement support environment called LODE
[Kurematsu and Yamaguchi 1997] and a domain ontology rapid development en-
vironment called DODDLE [Sekiuchi et. al. 1998], using machine readable dic-
tionaries. However, these environments facilitate the construction of only a hi-
erarchically structured set of domain concepts, in other words, taxonomic con-
ceptual relationships.

As domain ontologies have been applied to widespread areas, such as knowl-
edge sharing, knowledge reuse, software agents and information integration, we
need software environments that support a human expert in constructing the
domain ontologies with not only taxonomic conceptual relationships but also
non-taxonomic ones. In order to develop the environments, it seems better to
put together two or more techniques such as knowledge engineering, natural lan-
guage processing, machine learning and data engineering, as seen in the workshop
on ontology learning in ECAI2000 (e.g. [Maedche and Staab 2000]).

Here in this paper, we extend DODDLE into DODDLE II that constructs
both taxonomic and non-taxonomic conceptual relationships, exploiting Word-
Net [Fellbaum 1998] and domain-specific texts with the automatic analysis of
lexical co-occurrence statistics, based on WordSpace [Marti and Schutze] that
has the idea that a pair of terms with high frequency of co-occurrence statistics
can have non-taxonomic conceptual relationships. Furthermore, we evaluate how
DODDLE II works in the field of law, the Contracts for the International Sale
of Goods (CISG). The empirical results show us that DODDLE II can support
a law expert in constructing domain ontologies.

2 DODDLE II: A Domain Ontology Rapid Development
Environment

Figure 1 shows an overview of DODDLE II, “a Domain Ontology rapiD Devel-

opment Environment” that has the following two components:
— Taxonomic relationship acquisition module using WordNet
— Non-taxonomic relationship learning module using domain-specific texts

A domain expert gives a set of domain terms to the system.

A) The taxonomic relationship acquisition module (TRA module) does “spell
match” between the input domain terms and WordNet. The “spell match” links
these terms to WordNet. Thus the initial model from the “spell match” re-
sults is a hierarchically structured set of all the nodes on the path from these
terms to the root of WordNet. However the initial model has unnecessary inter-
nal terms (nodes). They do not contribute to keeping topological relationships
among matched nodes, such as parent-child relationship and sibling relation-
ship. So we can trim the unnecessary internal nodes from the initial model into
a trimmed model, as shown in Figure 2. In order to refine the trimmed model,
we have the following three strategies that we will describe later in the context

of interaction with an user:
— Matched result analysis
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Fig.1. DODDLE II overview

— Trimmed result analysis
— Using a candidate for domain-specific hierarchy structure extracted from
text corpus.

B) The non-taxonomic relationship learning module (NTRL module) extracts
the pairs of terms that should be related by some relationship from domain-
specific texts, analyzing lexical co-occurrence statistics, based on WordSpace
that is a multi-dimensional, real-valued vector space where the cosine of the
angle between two vectors is a continuous measure of their semantic relatedness.
Thus the pairs of terms extracted from domain-specific texts are the candidates
for non-taxonomic relationships. We can built concept specification templates
by putting together taxonomic and non-taxonomic relationships for the input
domain terms. The relationships should be identified in the interaction with a
human expert.

3 Taxonomic Relationship Acquisition

After getting the trimmed model, TRA module is refined by interaction with
a domain expert, using the following three strategies: matched result analysis,
trimmed result analysis and using domain-specific hierarchy structure extracted
from text corpus.

Looking at the trimmed model, it turns out that it is divided into a PAB
(a PAth including only Best spell-matched nodes) and a STM (a Sub-Tree that
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Fig. 3. Matched Result Analysis

includes best spell-matched nodes and other nodes and so can be moved) based
on the distribution of best-matched nodes. On one hand, a PAB is a path that
includes only best-matched nodes that have the senses good for given domain
specificity. Because all nodes have already been adjusted to the domain in PABs,
PABs can stay in the trimmed model. On the other hand, a STM is such a sub-
tree that an internal node is a root and the subordinates are only best-matched
nodes. Because internal nodes have not been confirmed to have the senses good
for a given domain, a STM can be moved in the trimmed model. Thus DODDLE
IT identifies PABs and STMs in the trimmed model automatically and then
supports a user in constructing a conceptual hierarchy by moving STMs. Figure
3 illustrates the above-mentioned matched result analysis.

In order to refine the trimmed model, DODDLE II can use trimmed result
analysis as well as matched result analysis. Taking some sibling nodes with the
same parent node, there may be many differences about the number of trimmed
nodes between them and the parent node. When such a big difference comes up
on a sub-tree in the trimmed model, it is be better to change the structure of the
sub-tree. DODDLE II asks the user if the sub-tree should be reconstructed or
not. Based on the empirical analysis, the sub-trees with two or more differences
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may be reconstructed. Figure 4 illustrates the above-mentioned trimmed result
analysis.

TRA module can not make suggestions about domain-specific hierarchy struc-
ture using above-mentioned strategies. Because these strategies don’t know do-
main specific information. So, in addition to do that, TRA module makes sug-
gestions using a candidate for domain-specific hierarchy structure extracted from
text corpus by NTRL module. Domain-specific hierarchy structure is a set of pair
of concepts. We will describe how to extract the structure later. When there are
two different kinds of hierarchy structure between two concepts, DODDLE II
asks the user if the hierarchy structure should be changed into unified one or
not.

Finally DODDLE II completes taxonomic relationships of the input domain
terms manually from the user.

4 Non-Taxonomic Relationship Learning

Non-taxonomic Relationship Learning almost comes from WordSpace, which
derives lexical co-occurrence information from a large text corpus and is a multi-
dimension vector space (a set of vectors). The inner product between two word
vectors works as the measure of their semantic relatedness. When two words’
inner product is beyond some upper bound, there are possibilities to have some
non-taxonomic relationship between them.

4.1 Construction of WordSpace

WordSpace is constructed as shown in Figure 5.

1. extraction of high-frequency 4-grams Since letter-by-letter co-occurrence in-
formation becomes too much and so often irrelevant, we take term-by-term co-
occurrence information in four words (4-gram) as the primitive to make up co-
occurrence matrix useful to represent context of a text. We take high frequency
4-grams in order to make up WordSpace.
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Fig. 5. Construction Flow of WordSpace

2. construction of collocation matriz A collocation matriz is constructed in order
to compare the context of two 4-grams. Element a; ; in this matrix is the number
of 4-gram f; which comes up just before 4-gram f; (called collocation area). The
collocation matrix counts how many other 4-grams come up before the target
4-gram. Each column of this matrix is the 4-gram vector of the 4-gram f.

3. construction of context vectors A context vector represents context of a word
or phrase in a text. A sum of 4-gram vectors around appearance place of a word
or phrase (called context area) is a context vector of a word or phrase in the
place.

4. construction of word vectors A word vector is a sum of context vectors at all
appearance places of a word or phrase within texts, and can be expressed with
the following formula. Here, 7(w) is a vector representation of a word or phrase
w, C(w) is appearance places of a word or phrase w in a text, and ¢(f) is a
4-gram vector of a 4-gram f. A set of vector 7(w) is WordSpace.

rwy= Y Y. o)
ieC(w) ¢ close to i

5. construction of vector representations of all concepts The best matched “synset”
of each input terms in WordNet is already specified, and a sum of the word vec-
tor contained in these synsets is set to the vector representation of a concept
corresponding to a input term. The concept label is the input term.

4.2 Constructing and Modifying Concept Specification Templates

Vector representations of all concepts are obtained by constructing WordSpace.
Similarity between concepts is obtained from inner products in all the combi-
nation of these vectors. Then we define certain threshold for this similarity. A
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concept pair with similarity beyond the threshold is extracted as a similar con-
cept pair. A set of similar concept pairs becomes concept specification templates.
Both of the concept pairs, whose meaning is similar (with taxonomic relation),
and has something relevant to each other (with non-taxonomic relation), are
extracted as concept pairs with context similarity in a mass. However, by us-
ing taxonomic information from TRA module with co-occurrence information,
DODDLE II distinguishes the concept pairs which are hierarchically close to
each other from the other pairs as TAXONOMY.

A user constructs a domain ontology by considering the relation with each
concept pair in the concept specification templates, and deleting an unnecessary
concept pair.

4.3 Extracting Domain-Specific Hierarchy Structure

In order to make suggestions about domain-specific hierarchy structure, NTRL
module tries to extract pairs of concepts which form part of a candidate for
domain-specific hierarchy structure. In order to do that, we pay attention to the
distance between two concepts in a document. In this paper, the distance between
two concepts means the number of words between them. If the distance between
two concepts is small and the similarity between them is close, we suppose that
one concept explains the other. If the distance is large and the similarity is
close, we suppose that they form part of domain-specific hierarchy structure.
According to above-mentioned idea, we calculate the proximally rate between
two concepts within a certain scope. It is the number of times both concepts
occur within the scope divided by the number of times only one concept occurs
within it. We define certain threshold for this proximally rate. Pairs of concepts
whose proximally rate is within this threshold and the similarity between them
is beyond the threshold for similarity are extracted as part of a candidate for
domain-specific hierarchy structure.

5 Case Studies for Taxonomic Relationship Acquisition

In order to evaluate how DODDLE is doing in practical fields, case studies have
been done in a particular field of law called Contracts for the International Sale
of Goods (CISG). Two lawyers joined the case studies. In the first case study,
input terms are 46 legal terms from CISG Part-II. In the second case study, they
are 103 terms including general terms in an example case and legal terms from
CISG articles related with the case. One lawyer did the first case study and the
other lawyer did the second.

Table 1 shows the result of the case studies . Figure 6 shows how much of the
intermediate products is included in final domain ontology at each DODDLE
activity.

Generally speaking, in constructing legal ontologies, 70 % or more support
comes from DODDLE. About half portion of the final legal ontology results in
the information extracted form WordNet. Because the two strategies just imply
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Case study 1 Case study 2
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Small DT(4.5%) XM Correction by user(18.2%) Small DT(11.4%) XY Correct ion by user(24.8%)
77 strategy1(4.5%) [__]Addition by user(7.6%) 7] strategy1 (6.0%) ] Addition by user(4.7%)

Fig. 6. The Component Rate of the Final Domain Ontology

Table 1. The Case Studies Results

The first| The second
The number of X case study| case study
Input terms 46 103
Small DT(Component terms) 2(6) 6(25)
Nodes matched with WordNet(Unmatched)™* 42(0) 71(4)
Salient Internal Nodes(Trimmed nodes) 13(58) 27(83)
Small DT integrated into a trimmed model(Unintegrated) 2(0) 5(1)
Modification by the user(Addition) 17(5) 44(7)

Evaluation of strategyl™* 4/16(25.0%)[9/29(31.0%)
Evaluation of strategy2** 3/10(30.0%)[4/12(33.3%)
* “Nodes matched with WordNet” is the number of input terms which have be selected proper
senses
in WordNet and “Unmatched” is not the case.
** The number of suggestions accepted by a user/The number of suggestions generated by
DODDLE

the part where concept drift may come up, the part generated by them has low
component rates and about 30 % hit rates . So one out of three indications based
on the two strategies work well in order to manage concept drift. Because the
two strategies use such syntactical feature as matched and trimmed results, the
hit rates are not so bad. In order to manage concept drift smartly, we may need
to use more semantic information that is not easy to come up in advance in the
stratagies.

6 A Case Study for Non-Taxonomic Relationship
Learning

DODDLE II, domain ontology rapid development environment, which refer to
MRD and domain-specific texts, is being implemented on Perl/Tk now. Figure

7 shows the ontology editor (left window) and the concept graph editor (right
window).
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Fig. 7. The Ontology Editor

Table 2. significant 46 concepts in CISG part II

acceptance delivery offer reply

act discrepancy offeree residence
addition dispatch offerer revocation
address effect party silence
assent envelope payment speech act
circumstance goods person telephone
communication system holiday place of business telex
conduct indication price time
contract intention proposal transmission
counteroffer invitation quality withdrawal
day letter quantity

delay modification rejection

Subsequently, as a case study for non-taxonomic relationship acquisition, we
constructed the concept definition for significant 46 concepts of having used on
the first case study (Table 2) with editing the concept specification template
using DODDLE II, and verified usefulness. The concept hierarchy, which the
lawyer actually constructed using DODDLE in the first case study was used
here (Figure 8).

6.1 Construction of WordSpace

High-frequency 4-grams were extracted from CISG (about 10,000 words) and
526 kinds of 4-grams were obtained. In order to keep density of a collocation
matrix high, the extraction frequency of 4-grams must be adjusted according
to the scale of text corpus. As CISG is the comparatively small-scale text, the
extraction frequency was set as 8 times this case. Then, the collocation matrix
was constructed by counting the number of each 526 kinds 4-gram just before a
4-gram for each kind. Since 526 kinds of 4-grams were extracted, the collocation
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Fig. 8. domain concept hierarchy of CISG part II

matrix also became 526 dimensions. In order to construct a context vector, a sum
of 4-gram vectors around appearance place circumference of each of 46 concepts
was calculated. One article of CISG consists of about 140 4-grams. The number
of 4-gram vectors in context area was set as 60 from experience. For each of 46
concepts, the sum of context vectors in all the appearance places of the concept
in CISG was calculated, and the vector representations of the concepts were
obtained. The set of these vectors is used as WordSpace to extract concept pairs
with context similarity.

6.2 Constructing and Modifying Concept Specification Templates

Having calculated the similarity from the inner product for the 1035 concept
pairs which is all the combination of 46 concepts, and having used threshold as
0.9993, 90 concept pairs were extracted, and concept specification templates were
constructed. Table 3 is the list of the extracted similar concepts corresponding
to each concept. A concept in bold letters is either an ancestor, descendant or a
sibling to the left concept in the concept hierarchy constructed using DODDLE
in the first case study. In concept specification templates, such a concept is
distinguished as TAXONOMY relation. As taxonomic relationships and non-
taxonomic relationships may be mixed in the list based on only context similarity,
the concept pairs which may be concerned with non-taxonomic relationships are
obtained by removing the concept pairs with taxonomic relationships. Figure
9 shows concept specification templates extracted about the concept ”assent”.
The concepts underlined are in taxonomic relation with each other.
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Table 3. the concept pairs extracted according to context similarity (threshold 0.9993)

CONCEPT CONCEPT LIST IN SIMILAR CONTEXT

acceptance communication, offer, indication, telex

act offeror, assent, effect, payment, person, quantity, time, goods, delivery, dispatch,
price, contract, delay, withdrawal, offeree, place, quality

assent offeror, act, effect, offer, person, offeree, withdrawal, time, proposal

communication|acceptance, offer, telex, conduct, indication

conduct party, telex, communication

contract effect, act, person, delivery, payment, quantity

delay delivery, offer, act, payment

delivery payment, quantity, goods, place, act, delay, time, contract, person, effect, quality

dispatch goods, price, act, person, quantity, offeror

effect person, assent, act, offeror, contract, proposal, payment, time, withdrawal, party, deliv-
ery

goods dispatch, quantity, delivery, payment, act, person, price, quality

indication intention, acceptance, communication

intention indication

offer acceptance, assent, communication, delay

offeree withdrawal, offeror, assent, act, price

offeror act, assent, withdrawal, offeree, person, effect, time, price, dispatch

party conduct, effect, place, person

payment quantity, delivery, place, act, goods, quality, delay, effect, person, contract, time

person effect, offeror, act, proposal, goods, assent, withdrawal, contract, dispatch, payment,
delivery, party, place, price

place payment, delivery, time, quantity, party, act, person

price dispatch, act, offeror, goods, withdrawal, offeree, person

proposal person, effect, withdrawal, assent

quality quantity, payment, goods, act, delivery

quantity payment, delivery, goods, act, quality, dispatch, place, contract, time

telex conduct, communication, acceptance

time act, offeror, delivery, place, effect, payment, quantity, assent

withdrawal offeree, offeror, person, price, act, assent, effect, proposal

The final concept definition is constructed from consideration of concept
pairs in the templates. Figure 10 shows the definition of the concept ”assent”
constructed from the templates. Although relation AGENT exists also in assent-
offeree and assent-offeror, it is represented by definition inheritance and not
described.

6.3 Extracting Domain-Specific Hierarchy Structure

We have defined the threshold for the proximally rate as 0.78, the certain scope
as the same sentence and tried to extract domain-specific hierarchy structure in
the first case study. As a result, DODDLE II extracted 128 pairs of concepts
regarded as part of domain-specific hierarchy structure from text corpus. 8 pairs
out of them have occurred in the concept hierarchy constructed by the user and
have not occurred in the trimmed model. That is, they and modifications by the
user were same. It shows that DODDLE II can make useful suggestions about
domain-specific hierarchy structure using candidate for them extracted from text
corpus. But the rate of same suggestions as modification by the user is about
6%(8/128) and is not good. So, we have to improve extraction of candidate.
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assent non-Taxonomy? : offeror
TAXONOMY : act
non-Taxonomy? : effect
non-TAXONOMY? : Offer
non-TAXONOMY? ! person

non-Taxonomy? : offeree
non-Taxonomy? . withdrawal
non-TAXONOMY? : time
TAXONOMY : proposal

Fig. 9. The concept specification templates for “assent”

assent AGENT : person
LEGAL-SEQUENCE : offer
ANTONYM : withdrawal

Fig. 10. The concept definition for ”assent” with editing the templates

6.4 Results and Evaluation

The user with legal knowledge did evaluation about extraction of concept pairs.
Note that the concept definition constructed in this case study is only for the 46
concepts as input terms, and is not the whole concept definition which should
be constructed from CISG. The detail of the extracted concept pairs in this case
study are shown in Table 4.

Taxonomic or non-taxonomic relationships existed in 59% from the top of the
list of concept pairs with high context similarity between the concepts. Since a
concept pair with high context similarity has a high possibility that it has some
kind of relation, concept definitions can be led by considering these pairs.

The problems obtained from this case study are the follows.

Determination of a Threshold Threshold of the context similarity changes in
effective value with each domain. It is hard to set up the most effective value in
advance. Figure 11 is the relation between the numbers of the extracted concept
pairs and recall and precision in this case study.

Specification of a Concept Relation Concept specification templates have only
concept pairs based on the context similarity, it requires still high cost to specify
relationships between them. It is needed to support specification of concept
relationships on this system in the future work.

Ambiguity of Multiple Terminology For example, the term ”transmission” is used
in two meanings, ”transmission (of goods)” and ”transmission (of communica-
tion)”, in the article, but DODDLE II considers these terms as the same and
creates WordSpace as it is. Therefore constructed vector expression may not be
exact. In order to extract more useful concept pairs, semantic specialization of a
multisense word is necessary, and it should be considered that the 4-grams with
same appearance and different meaning are different 4-grams.
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Table 4. The detail of the extracted concept pairs

Threshold|Extracted concept pair|Advisable|Unknown (Improper
0.9993 90 53 14 23
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Fig. 11. recall and precision

7 Related Work

In the research using verb-oriented method, the relation of a verb and nouns
modified with it is described, and the concept definition is constructed from
these information (e.g. [Hahn 1998]). In [Faure and Nédellec 1999], taxonomic
relationships and Subcategorization Frame of verbs (SF) are extracted from
technical texts using a machine learning method. The nouns in two or more
kinds of different SF with a same frame-name and slot-name is gathered as one
concept, base class. And ontology with only taxonomic relationships is built by
carrying out clustering of the base class further. Moreover, in parallel, Restric-
tion of Selection (RS) which is slot-value in SF is also replaced with the concept
with which it is satisfied instantiated SF. However, proper evaluation is not yet
done. Since SF represents the syntactic relationships between verb and noun,
the step for the conversion to non-taxonomic relationships is necessary.

On the other hand, in ontology learning using data-mining method, discov-
ering non-taxonomic relationships using a association rule algorithm is proposed
by [Maedche and Staab 2000]. They extract concept pairs based on the modifi-
cation information between terms selected with parsing, and made the concept
pairs a transaction. By using heuristics with shallow text processing, the gener-
ation of a transaction more reflects the syntax of texts. Moreover, RLA, which is
their original learning accuracy of non-taxonomic relationships using the exist-
ing taxonomic relations, is proposed. The concept pair extraction method in our
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paper does not need parsing, and it can also run off context similarity between
the terms appeared apart each other in texts or not mediated by the same verb.

8 Conclusion

In this paper, we discussed how to construct a domain ontology using existing
MRD and domain-specific texts. In order to acquire taxonomic relationship, two
strategies have been proposed: matched result analysis and trimmed result anal-
ysis. Furthermore, in order to learn non-taxonomic relationships, concept pairs
may be related to concept definition, extracted on the basis of the co-occurrence
information in domain-specific texts, and a domain ontology is developed by the
modification and specification of concept relations with concept specification
templates. It serves as the guideline for narrowing down huge space of concept
pairs to construct a domain ontology.

It is almost craft-work to construct a domain ontology, and it is still difficult
to obtain the high support rate on system. The DODDLE II mainly supports for
construction of a concept hierarchy with taxonomic relationships and extraction
of concept pairs with non-taxonomic relationships now. However a support for
specification concept relationship is indispensable. The future work follows: im-
provement in the scalability of the definition support by learning of heuristics,
introduction of the useful data-mining method instead of WordSpace, and sys-
tem integration of taxonomic relationship acquisition module and non-taxonomic
relationship learning module (now implementing).
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Abstract. According to a proposal by Tim Berners-Lee, the World Wide Web
should be extended to make a Semantic Web where human understandable con-
tent is structured in such a way as to make it machine processable. Central to
this conception is the establishment of shared ontologies, which specify the
fundamental objects and relations important to particular online communities.
Normally, such ontologies are hand crafted by domain experts. In this paper we
propose that certain techniques employed in data mining tasks can be adopted
to automatically discover and generate ontologies. In particular, we focus on the
conceptual clustering algorithm, COBWEB, and show that it can be used to
generate class hierarchies expressible in RDF Schema. We consider applica-
tions of this approach to online communities where recommendation of assets
on the basis of user behaviour is the goal, illustrating our arguments with refer-
ence to the Smart Radio online song recommendation application.

1 Introduction

Tim Berners-Lee has proposed and extension to the existing World Wide Web known
as the Semantic Web (Berners-Lee, 1998, Berners-Lee et al, 2001). Most of the Web’s
existing content is designed to be read and understood by humans, and cannot readily
be parsed and processed by software agents. The central idea behind the Semantic
Web is to develop and use machine-understandable languages for the expression of
the semantic content of Web pages. This promises to enhance the ability of software
agents to navigate the Web’s information space and carry out tasks for humans, with-
out the need for sophisticated artificial intelligence.

Central to the Semantic Web project is the concept of an ontology. Web pages are
conceived of as being composed of statements relating objects. The denotations of the
terms making up the statements need to be fixed relative to a particular universe of
discourse, which is represented in an ontology. The ontology codifies a shared and
common understanding of some domain. An ontology is usually constructed by
domain experts. In this paper, we examine the possibility of generating ontologies
automatically using hierarchical conceptual clustering, and consider certain online
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communities where such methods are highly appropriate, since there is no existing
conceptualisation of the site resources. It is important to emphasis at this point that we
are concerned with generating ontologies from behavioural and usage data relating to
resources of interest, rather than from the free text data that might be found on web
pages.

Since we aim to demonstrate how this technique may be practically implemented,
we first present an overview of some of the technologies being used to build the
Semantic Web, focusing in particular on how basic ontologies can be represented
using RDF Schema (Brickley and Guha, 2000). In subsequent sections we discuss the
concept formation system, COBWEB (Fisher, 1987), and demonstrate how the
concept hierarchies discovered by this algorithm can be represented as ontologies with
RDF Schema. We conclude with a discussion of the application of this approach to
online communities - dealing in particular with the Smart Radio system (Hayes and
Cunningham, 2000), developed as a test bed for our ideas - and point to some further
research directions.

2 Implementing the Semantic Web

The Uniform Resource Identifier (URIDprovides the foundation for the Web, since it
allows us to give any object or concept a uniquely identifying name. URIs are
decentralized, in the sense that no one person or organisation controls their defintion
and use. Since anyone can create a URI, we inevitably end up with multiple URIs
representing the same thing, so it is important for the Semantic Web to provide a
means for resolving names correctly.

This is provided for in the use of an ontology, which usually takes the form of a
taxonomy defining classes and relations among them. The meaning of terms can now
be resolved if they point to particular ontologies, and if equivalence relationships are
defined between ontologies.

The Resource Description Framework (RDF)ﬂrovides a means for software agents
to exchange information on the Web. It defines a simple model for describing
relationships between Web resources in terms of properties and their values. However,
RDF itself provides no means of declaring such properties. This task is left to RDF
Schema, which can be used to represent simple ontologies.

RDF can be written using XML tags, but it is important to note that XML is not
sufficient for building the Semantic Web. XML facilitates the arbitrary creation of
tags that can be used to annotate Web pages. If a programmer knows in advance what
these tags signify, then it is possible for her to write software to process these Web
pages automatically. However, in the absence of such knowledge, it is not possible to
write such programs, since XML builds no semantics into its structures. RDF, on the
other hand, encodes machine-processable structures into its statements. An RDF

I See http://www.w3.org/Addressing/ for an overview of naming and addressing schemes used
on the World Wide Web.
2 See http://www.w3.org/RDF/.
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statement consists of a triplet, which asserts that a particular thing has a certain prop-
erty with a certain value. For example, the sentence

Ora Lassila is the creator of the resource
http://www.w3.org/Home/Lassila.

can be represented in RDF by

<?xml version="1.0"?>
<rdf :RDF
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"
xmlns:s="http://description.org/schema/">
<rdf:Description
about="http://www.w3.org/Home/Lassila">
<s:Creator>Ora Lassila</s:Creators>
</rdf :Description>
</rdf :RDF>

The RDF Schema defines a collection of RDF resources that can be used to
describe properties of other RDF resources that define application-specific RDF
vocabularies. The RDF Schema type system is similar to the type systems of object-
oriented programming languages such as Java. For the purposes of this paper, it is
sufficient to present this system in the context of an example. Consider the following
class hierarchy. We first define a class MotorVehicle. We then define three subclasses
of MotorVehicle, namely PassengerVehicle, Truck and Van. We then define a class
Minivan which is a subclass of both Van and PassengerVehicle. In representing this
hierarchy we must make use of some core classes and properties defined by RDF
Schema. In particular: all things being described by RDF expressions are called
resources, and are considered to be instances of the class rdfs:Resource; when a
resource has an rdfitype property whose value is some specific class, we say that the
resource is an instance of the specified class; when a schema defines a new class, the
resource representing that class must have an rdf:itype property whose value is the
resource rdfs:Class; the rdfs:subClassOf property specifies a subset/superset relation
between classes. Our example class hierarchy is therefore represented by the following
diagram:
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s = rdfs:subClas=0f rdfs:Resource
t = rdf:type

Fig. 1 Class Hierarchy for MotorVehicle class and its subsets (Brickley and Guha,
2000)

This model can be rendered in XML as follows:

<rdf:RDF xml:lang="en"
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-

ns#"
xmlns:rdfs="http://www.w3.0rg/2000/01/rdf-schema#">

<rdf:Description ID="MotorVehicle">

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf

rdf :resource="http://www.w3.0rg/2000/01/xrdf-
schema#Resource" />
</rdf :Description>

<rdf:Description ID="PassengerVehicle">

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schemaf#Class"/>

<rdfs:subClassOf rdf:resource="#MotorVehicle"/>
</rdf :Description>

<rdf:Description ID="Truck"s>

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schemaf#Class"/>

<rdfs:subClassOf rdf:resource="#MotorVehicle"/>
</rdf :Description>
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<rdf :Description ID="Van"s

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf rdf:resource="#MotorVehicle"/>
</rdf :Description>

<rdf :Description ID="Minivan"s>

<rdf:type resource="http://www.w3.0rg/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf rdf:resource="#Van"/>
<rdfs:subClassOf rdf:resource="#PassengerVehicle"/>
</rdf :Description>

</rdf :RDF>

3. Hierarchical Conceptual Clustering

Data mining is the extraction of implicit, previously unknown, and potentially useful
information from data. The objective is to build computer programs that automatically
detect regularities or patterns in databases. Useful patterns, if found, should generalise
to make accurate predictions on future data. Thus, the final objective of data mining
activity is knowledge discovery.

Machine learning provides the technical basis of data mining. It is used to extract
information from the raw data in databases. The process is one of abstraction in order
to find patterns. Usually, we also require that the system should provide us with an
explicit structural description, so as to provide the observer with an explanation of
what has been learned and an explanation of the basis for new predictions.

Clustering is a data-mining task that has at its goal the unsupervised classification
of a set of objects. Classification is unsupervised in the sense that there are no a priori
target classes used during training. Clustering techniques rely on the existence of some
suitable similarity metric for objects. Clustering algorithms may be classified
according to a number of criteria. Some are distance-based and describe clusters
purely by enumerating their members, while others represent the clusters by means of
a description. This description may take the form of a set of necessary and sufficient
conditions for membership of a given cluster, or it may be a probabilistic description
where no such set of conditions is tenable. Furthermore, a set of clusters may be “flat”
in the sense that no cluster is “contained” in any other cluster, or it may be
hierarchical, providing a taxonomy of clusters with definite relationships between
them.

COBWEB is an incremental conceptual clustering algorithm with represents
concepts probabilistically. It was initially inspired by research on basic level effects.
For example, humans can typically verify that an item is a bird more quickly than they
can verify the same item is an animal, vertebrate, or robin. Thus, the concept of birds
is said to reside at the basic level. COBWEB’s design assumes that principles which
dictate basic concepts in humans are good heuristics for machine concept formation as
well.

31



COBWERB is designed to produce a hierarchical classification scheme. It carries out
a hill-climbing search - which consists of taking the current state of the search,
expanding it, evaluating the children, selecting the best child for further expansion,
etc, and halting when no child is better than its parent — through a space of schemes,
and this search is guided by an heuristic measure called category utility.
The category utility metric was originally developed by Gluck and Corter (1985) to
predict the basic level in human classification categories. In adopting it as a criterion
for evaluating concept quality in Al systems, Fisher notes that it can be viewed as a
function that rewards traditional virtues held in clustering generally — similarity of
objects within the same class, and dissimilarity of objects in different classes.
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COBWEB performs its hill-climbing search of the space of possible taxonomies
and uses category utility to evaluate and select possible categorisations. It initialises
the taxonomy to a single category whose features are those of the first instance. For
each subsequent instance, the algorithm begins with the root category and moves
through the tree. At each level it uses CU to evaluate the taxonomies resulting from:

Classifying the object with respect to an existing class.
Creating a new class.

Merging: combining two classes into a single class.
Splitting: dividing a class into several classes.

el S

4. Ontology generation using COBWEB

We propose that COBWEB may be used to automatically generate ontologies. Let us
consider the following artificial and simple example. We have a domain consisting of
only four resources, namely, the following four cells:

PR

Fig. 2 The four cells to be clustered by COBWEB. (Gennari et al, 1989, Luger and
Stubblefield, 1998)

COBWERB generates the following hierarchy of concepts:
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Category [ C1 F{C1)=4i4
Feature | Value | Pvjo)
Tails Cine 0.50
Two | 050
Color Light | 0.50
Dark | 0.50
Fuclel Cine 035
Two | 050
Three | 025
Category [ 02 Pizzi=114 Category [ C3 PiaF2i4 Category [ C4 P{C4=1/4
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Datk 0o Dark | 0.50 Dark 1.0
Muclei COne 1.0 Muclei Cing on Tucled Cing 0o
Two 0o Two 10 Two oo
Three | 0.0 Three | 00 Three | 1.0
Category | C15 PrCs=1/4 Category | ' PlCa= 174
Feature Value | Pivic) Feature Value | Pivic)
Tails One nn Tails One 0o
Twno 10 Twno 10
Color Light | 1.0 Color Light | 0.0
Datk 0a Datk 10
Fueled One 0o Fueled One ]
Tara 10 Tao 1.0
Three | 0.0 Three | 00

Fig. 3 The concept taxonomy produced by COBWEB. (Gennari et al, 1989, Luger and
Stubblefield, 1998)

Just as in our previous example, we can represent this hierarchy in RDF Schema
with a diagram:
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rdfs:sublClas=s0f rdfs:Resource
rdf:type

S

rifs:Class 1

Fig. 4 The Class Hierarchy corresponding to the COBWEB concept taxonomy

The actual XML looks like this:

<rdf :RDF xml:lang="en"
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-
ns#"
xmlns:rdfs="http://www.w3.0rg/2000/01/rdf-schema#">

<rdf:Description ID="C1l">

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf

rdf :resource="http://www.w3.0rg/2000/01/xrdf-
schema#Resource" />
</rdf :Description>
<rdf:Description ID="C2">

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schemaf#Class"/>

<rdfs:subClassOf rdf:resource="#C1"/>
</rdf :Description>
<rdf:Description ID="C3">

<rdf:type resource="http://www.w3.org/2000/01/rdf-
schemaf#Class"/>

<rdfs:subClassOf rdf:resource="#C1"/>
</rdf :Description>
<rdf:Description ID="C4">



<rdf:type resource="http://www.w3.0rg/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf rdf:resource="#C1"/>

</rdf :Description>

<rdf :Description ID="C5">

<rdf:type resource="http://www.w3.0rg/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf rdf:resource="#C3"/>

</rdf :Description>

<rdf :Description ID="C6">

<rdf:type resource="http://www.w3.0rg/2000/01/rdf-
schema#Class"/>

<rdfs:subClassOf rdf:resource="#C3"/>

</rdf :Description>

</rdf :RDF>

5. Applications

Now we turn to the question of an application for this approach to ontology
generation. We will discuss this in the context of Smart Radio, which is a web-based
song recommendation system that relies on users' ratings of songs. The user builds
playlists consisting of ten songs that they choose from the database. They may then
listen to the songs and rate them on a scale of one to five, where one indicates a strong
dislike for song, and five indicates a strong liking.

fab)

Fig. 5 An example Smart Radio playlist showing the songs rated by the user.

This results in something like the following matrix of values:
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Table 1. Smart Radio data showing how users have rated songs.

Song1 Song2 Song3 Song4 Song5 Song6

User 1 5 2 4 2

User 2 2 5 1 2 5
User 3 1 1 5 3
User 4 4 2
User 5 3 1 5 5

User 6 1 1 5 3
User 7 1 1

User 8 3 1 4 1 5

The Smart Radio system currently relies solely on Automated Collaborative Filter-
ing (ACF) to make recommendations. We are experimenting with using knowledge
discovery techniques to enhance the quality of these recommendations. In particular,
we have employed the COBWEB algorithm to generate a hierarchy of concepts. To
do this, we define a song to be good for a user if and only if she gives that song a
rating of 4/5 or more; below this, the song is bad for the user. Then, we characterise
each song in the database as an object with the same number of attributes as there are
users in the database. Each attribute can take on the value good or bad according to
how the user rated the song. The following is an example song object, where question
marks symbolise missing values:

good bad ? ? good ? good ? ? ? ? ? ? ? good ? ? ? ? ? 7
? 2 good ? ? ? ? ? good bad ? ? ? ? good good ? ? ? bad
? ? bad ? bad good ? ? ? bad ? bad ?

When COBWEB is run on the complete set of these objects, we acquire a hierarchy
of clusters and associated probabilistic descriptions. An example cluster, arbitrarily
named ‘C112’, is presented below:

['Break On Through (To The Other Side)', 'Mr Tambourine
man', 'Say hello wave goodbye', 'Hallelujah', 'Unfin-
ished Sympathy', 'Where The Wild Roses Grow',6 'Please
Forgive Me', 'The Girl From Ipanema', 'Gin Soaked Boy',
'Street Spirit (Fade Out)', "La Femme D'Argent", 'Right
Here, Right Now', 'Redemption Song']

We can then go on to translate the output of COBWEB into a class hierarchy that
can be rendered in RDF Schema as outlined above.

The advantages of this approach to this sort of domain is best discussed in light of
the fundamental goal of the Semantic Web project, which is to create ‘an environment
where software agents roaming from page to page can readily carry out sophisticated
tasks for users’ (Berners-Lee et al, 2001). In the context of an online music commu-
nity, one of these tasks is going to be the recommendation of songs to users. A user
might, for example, request that an agent finds her new songs similar to those she has
liked in the past. Or she might request that new songs be provided which are some-
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what dissimilar to those that she has previously encountered, but which she may
nevertheless like. An ontology facilitates the fulfilment of these requirements, because
similar songs will fall under the same concept, and degrees of similarity/dissimilarity
will hopefully be captured in the relationships between concepts.

The usual way of creating an ontology is for domain experts to establish the fun-
damental concepts, objects, relations, etc, which exist for a given community. This
presupposes that these ontological elements can be uncovered a priori. However, in
domains such as that of Smart Radio, it is not at all clear that any a priori analysis by
a team of experts could yield the sort of concepts important to recommendation tasks.
While songs may be categorised according to artist, and while to a much lesser extent,
genres and sub-genres may be employed, this approach is inadequate, since it does not
account for the fact that many people like songs that are widely divergent according to
the artist and genre criteria. By using such algorithms as COBWEB to cluster songs
based on user ratings, we hope to discover structures more truly reflective of the simi-
larities and dissimilarities between songs. We need only evaluate the resulting concep-
tual structures in terms of their impact on recommendations, and we need not worry
that users may be unable to articulate the hypothesised perceived similarities and dis-
similarities between songs. Furthermore, we do not expect that the discovered concep-
tual hierarchy will map onto any existing and already familiar network of human con-
cepts. Rather, we expect to discover structures that it was never feasible for human
experts to detect.

A further advantage conferred by the automatic generation of ontologies using
COBWEB and related systems is that such concept formation algorithms are incre-
mental, in the sense that observations are not processed en masse. There is a stream of
objects, which is processed over time. In the case of Smart Radio, this means that the
conceptual hierarchy can automatically evolve over time as new songs are added to
the database, and as new users join the system. This is something that would be very
costly if human experts were involved, and yet such a capacity to evolve over time is
essential to a constantly expanding online community resource.

Finally, we may wonder at how such automatically generated ontologies, which do
not map onto any existing human understandable ontologies, can fulfil the requirement
for interoperability across web sites. So far, we have considered how one online com-
munity can be held together and enhanced by such ontologies, but we now turn to a
consideration of how other online communities with similar assets (in this case, songs)
could exchange information, via agents, with our site. In traditional ontology engineer-
ing, collaboration is required between the people who run Web sites and online com-
munities. It is no different in the case where we are employing automatic ontology
generation techniques. The only difference is that it is not human beings who collabo-
rate, but, rather, machines. If the Smart Radio database is accessible to a COBWEB-
based agent, and another, different, database of songs and user ratings from a hypo-
thetical Smart Radio II, is also accessible to the same agent, then there would be no
problem in that agent constructing, maintaining, and evolving a shared ontology for
both sites. The only limitation is that the agent must be able to understand the struc-
ture of all such databases. Collaboration requires a set of standards and conventions
for the construction or description of such databases, and such collaboration is entirely
within the spirit of the Semantic Web project.
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Summary and conclusion

We have discussed how hierarchical clustering algorithms may be employed to auto-
matically construct basic ontologies, and illustrated this in the context of COBWEB
and RDF Schema. We have argued that such an approach is highly appropriate to
domains where no expert knowledge exists, or where it proves inadequate, and have
gone on to propose how we might employ software agents to collaborate, in place of
human beings, on the construction of shared ontologies. This benefits recommenda-
tion tasks, in particular, by allowing for the evolution of concept hierarchies which do
not match any articulated human conceptual structures, but which are, hopefully,
closely reflective of the criteria that people employ in rating online assets. If the task
of Semantic Web project is to render human understandable resources processable by
machines, we might say that the task envisaged here is to extend the resources proc-
essable by machines beyond the domain of human understanding — but always with a
view to helping humans carry out their online tasks.
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1 Introduction

Although man-made annotations are considered as the main ‘knowledge fuel’ for
the Semantic Web, the majority of existing commercial pages are still poorly
equipped with any kind of metadata, never mind the forthcoming standards
such as the RDF syntax or the Dublin Core semantics. Information Eztraction,
relying on characteristic patterns in text, can be applied even on such ‘legacy’
pages, in order to obtain metadata containing, for example, the names, types,
and domains of activity of the WWW subjects (companies).

The two decades of development of Information Extraction techniques have
shown that extraction patterns applicable on real-world, unstructured text data
cannot be satisfactorily prepared by hand; instead, Machine Learning (ML) be-
came the enabling technology. The common assumption in ML-based Informa-
tion Extraction is that the training cases are chunks of text pre-labelled by a
human indexer. This is acceptable for domain-specific resources with limited
vocabulary and more-or-less conventional structure, such as computer science
department pages [2] or housing advertisement pages [7]. However, if we proceed
to broad categories such as ‘pages of companies offering products or services’, the
number of training cases needed will explode, the acquisition of text fragments
becomes difficult, and their manual labelling simply infeasible. Yet, there is a
promising resource of web data that has already undergone a process of human
indexing, of a sort: web directories such as Open Directory or Yahoo!

In this paper, we analyse the possibility of reusing the knowledge embedded
in the structure of the directories in order to obtain labelled training data for
Web Information Extraction with limited human effort. In section 2 we show
the results of preliminary experiments consisting in mining the fragments of web
pages, obtained with the help of web directory information, for indicator terms
usable for subsequent extraction of semantic information from other pages. In
section 3 we outline an ontology of web directories, and suggest the way it can
be used to refine the above process. In section 4, our approach is compared to
some other projects. Finally, in section 5, we summarise our plans for the future.
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2 Mining Indicator Terms through Directory Headings

Our assumption is that the directory headings (such as ... /Manufacturing
/Materials/Metals/Steel/...) coincide with the generic names of products
and services—Ilet us nickname them informative terms in this paper—offered by
the owners of the pages referenced by the respective directory page. By matching
the headings with the page fulltexts, we obtain sentences that contain the infor-
mative terms. The terms situated near the informative terms in the structure of
the sentence are candidates for indicator terms, provided they occur frequently
on pages from various domains. The resulting collection of indicator terms can,
conversely, play the role of ‘extraction patterns’ for discovering informative terms
in previously unseen pages.

The knowledge asset embedded in web directories is the judgement of human
indexers who have assigned the pages under the particular heading(s). Naturally,
informative terms on the page need not always correspond to the existing direc-
tory headings, e.g. due to synonymy. As consequence, our method will extract
(without the help of a thesaurus) only a fraction of the sentences with informa-
tive terms. This however does not disqualify the method, since, in this training
phase, we aim at discovering indicator terms rather than at identifying the in-
formative terms themselves. The small degree of completeness of the method is
actually compensated by the hugeness of the material available! in the direc-
tories. Namely, the ‘Business’ subhierarchy of Open Directory (www.dmoz.org),
which we have exploited in our experiments, points to approx. 150,000 pages
overall, each of these containing the ‘heading’ terms (from the referencing node
or one of its ancestors) in two sentences, on the average.

We have tested the training phase of our method on a sample of 14,500
sentences? containing the ‘heading’ terms. The syntactical analysis has been
carried out using the Link Grammar Parser [6]. The verbs which occurred the
closest (in the parse tree) to informative terms have been counted, and arranged
into a frequency table. In Table 1, the essence of the table is shown, mostly
featuring verbs that are likely to be associated with the informative terms (e.g.
‘our assortment includes...’, ‘we manufacture...’, ‘in our shop you can bugy...”).
The table contains only the verbs that occurred in at least 50 sentences®. We
hope to build a more comprehensive collection using a larger sample of pages.
Furthermore, the plain verbs (in particular ‘to be’, which has no significance
of its own) can be extended to more complex phrases, again via selecting the
neighbouring terms with frequent occurrence.

1 As we dispense with manual labelling, processing a larger sample of data is merely
the matter of computer time/storage.

2 Le. about 5% of the total of such sentences.

3 In this display, they are however not arranged according to the relative frequency
of occurrence in the neighbourhood of the informative term (P, ), but according to
the ratio of this frequency to the relative frequency of occurrence in the whole of the
extracted, possibly compound, sentence (Ps). This visibly pushes down the universal
verbs such as ‘to be’.
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P, /P,|Verb P, P P, /Ps|Verb P, Ps
2.23|includes 0.0048(0.0021 1.55|provide 0.0191(0.0122
2.20|manufacture |0.0038(0.0017 1.40|use 0.0046|0.0033
2.17|buy 0.0038(0.0017 1.39|sell 0.0039(0.0028
2.09|including 0.0057(0.0027 1.26|see 0.0046(0.0036
2.08|supply 0.0036(0.0175 1.25|are 0.0740(0.0589
1.96|offers 0.0119(0.0060 1.24|were 0.0042(0.0034
1.92|provides 0.0135(0.0070 1.23|made 0.0040(0.0032
1.92|offer 0.0200]0.0104 1.22|make 0.0066(0.0054
1.89|include 0.0062(0.0032 1.15|need 0.0053(0.0046
1.85|specializing  {0.0051|0.0027 1.12(is 0.0988(0.0880
1.78|providing 0.0091(0.0051 1.05|get 0.0043(0.0041
1.70|specializes 0.0045(0.0026 1.03|find 0.0060(0.0058
1.66|specialize 0.0053(0.0032 1.03|meet 0.0043(0.0041
1.56|using 0.0037(0.0024 1.00|related 0.0035(0.0035

Table 1. Frequent verbs in sentences containing the headings

3 Ontology of Web Directory Headings

As we have shown in the previous section, interesting pieces of information can
be extracted from web directories even without specific assumptions about the
nature of the heading terms. Nevertheless, we believe that only deeper ontological
analysis of the headings can bring the automated discovery of indicators to its
full potential, in particular for complex terms spanning across multiple levels of
headings. We will thus now outline an ontology of web directory headings.

The semantic information associated with the particular page, in the context
of a web directory, is defined by the sequence (or, several sequences, in the case
of a non-tree hierarchy) of headings preceding the node pointing to that page.
The headings essentially belong to one of the following classes:

1. ‘Entity’ terms (most often nouns), which correspond to real-world entities.
Note that their meaning may depend on the preceding terms: for example,
pages referenced by the node preceded by the subpath Cranes/Accessories
are likely to offer accessories for cranes but not clothing accessories. Never-
theless, the word ‘accessories’ can possibly be found on the page even without
the attribute ‘for cranes’, since the latter can be assumed by context.

2. ‘Property’ terms (most often adjectives), which correspond to properties of
entities. They are restrictive rather than descriptive, since they (usually)
restrict the scope of the immediately preceding ‘entity’ term to denote a
narrower class of entities. For example, the pages referenced by the node pre-
ceded by the (sub)path Telecommunications/Wireless can be viewed as
‘indexed’ by the compound term ‘wireless telecommunications’. The ‘prop-
erty’ term is completely dependent on the given ‘entity’ term, seeking it
independently on a page would be spurious.
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The ‘entity’ terms can be further refined to:

1. Subjects (active entities) such as Manufacturers, Publishers, or
Associations.

2. Objects (passive entities) such as Materials, Aircraft or Textiles.

3. Domains of activity such as Telecommunications or Publishing.

In addition, we can identify a common subclass of both object and domain,
which can be denoted as activity. An activity is a domain, since it fits into
the generality hierarchy of domains, but it is also an object, since it can be
viewed as a ‘commodity’ offered by a certain subject, e.g. Manufacturing or
Construction. Furthermore, a distinct feature of an activity is the aptitude of
being applied on an (other) object.

The diagram at Fig. 1 depicts the essence of the ontology. Boxes correspond
to classes, full edges to named relations, and dashed edges to the class-subclass
relationship. Reflexive binary relations are listed inside the respective boxes.

Entity Property

P restricts E1 to E2
YA

. D is destination for O

Object ‘ Domain
is-a S acts on O Subject Sisactivein D | is-subdomain-of
is-part-of | i /
is-part-o is-a v

w

S appliesAonO -

Activity

is-subactivity-of

Fig. 1. The ontology of web directory headings

Given the ontology, the method described in section 2 can be enhanced in
the following way:

1. Select the most promising paths and nodes in the directory structure.

2. Assign class labels to the headings from the selected paths, and arrange them
into a semantic network of relations.

3. Generate full-text queries based on the headings (and their classes), and
apply them on the pages to extract sentences.
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4. The mining of indicator terms could then be done separately for each class
of ‘entity’ terms, thus obtaining collections of ‘extraction patterns’ specific
for different type of information to be extracted.

The structure over the headings should enable to generate* finer queries,
and thus to obtain a more comprehensive sample of training data for indicator
learning. As an example, given the path segment Cranes/Accessories, in which
both Cranes and Accessories were pre-classified as ‘objects’, and Cranes iden-
tified as ‘destination’ for Accessories, the training cases containing e.g. the
expression ’accessories for cranes’ might me the most desirable ones.

The importance of step 1 (selection) follows from the fact that step 2 (la-
belling) has to be done manually, but, in distinction to ‘classical’ labelling, a
single labelling action can lead to class (or, relation) assignment to several train-
ing cases. The efficiency of manual labelling is thus closely related to the number
of pages referenced by the node being labelled, as well as to the number of sen-
tences (from these pages) containing the headings. In order to obtain a high
‘assignments-to-actions’ ratio, we have to trade off the high number of pages
(for general headings close to the root, pertaining to huge subhierarchies) with
the higher number of sentences per page (for the headings close to the leaves,
which are better tuned to the page content, and even subsume several ‘ancestor’
terms). The parameters of the respective utility function could be determined in
the future.

4 Related Work

The common approach to overcome the lack of classified training examples in
text categorisation is to apply statistical techniques consisting in iterative auto-
mated labelling of unclassified examples based on a few classified ones (boot-
strapping, see [1], [4], [5]). So far, we have not considered such techniques, and
instead rely on the prior work of a human indexer of the web directory. While
directories have already been used for learning to classify whole documents [3],
their use for information extraction seems to be rather innovative.

Our work is actually rather similar to Brin [1], which targets on automated
discovery of extraction patterns using search engines. The patterns can be used
to find relations, such as books, i.e. pairs (author, title). The patterns are based
simply on characters surrounding the occurence of investigated relation. In com-
parison, we aim at finding less structured information, for which such simple pat-
terns wouldn’t be sufficient; we therefore search for linguistic indicators, which
are based on syntax analysis. (The indicators themselves can be thought of as
‘syntactic patterns’.)

4 We are currently working on a rewriting grammar that will automatically convert
the set of relational expressions on headings into a layered set of query terms.
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5 Conclusions and Future Work

We have suggested a novel method for learning indicative terms, which can be,
in turn, used to extract important terms (in fact, meta-data) from web pages.
The source of learning cases is a web directory: thanks to the prior work of
human indexers of the directory, the burden of manual case labelling is either
completely removed, or significantly reduced. Preliminary results in a rather
restricted setting suggest that the method may be viable.

As we have mentioned in the end of section 2, we will soon extend the non-
interactive method of mining the indicators by searching forth in the parse trees,
beyond the neighbouring verb (in particular for the ‘unclear’ verbs). The accu-
racy on unseen pages also has to be thoroughly tested. Furthermore, the prospec-
tive use of the web directory ontology has been described in section 3.

Finally, we anticipate that best results could be obtained by combining our
reuse of human effort (with rather precise but incomplete results) with bootstrap-
ping techniques mentioned in section 4 (more complete but possibly imprecise),
in a more distant future.

The research has been partially supported by the grant no. 201/00/D045
(Knowledge model construction in connection with text documents) of the Grant
Agency of the Czech Republic.
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Abstract. We present in this paper a Machine Learning method de-
signed to predict preference knowledge in a multi-agent context. In the
first part we show some theoretical properties of our learning scheme and
then present an application of it to a corporate knowledge management
system.

1 Introduction

In this paper we will present some attempts to design a Machine Learning
method to predict preference knowledge in a multi-agent context. Here we define
preference knowledge as knowledge about a preference between elements of a set.

For instance, the documents found by a search engine on the web are ordered
according to a preference function computed from the user request. Thus, they
can be considered as ordered according to a preference relation.

The framework that gave birth to this work is a joint research project,
CoMMA!, dedicated to corporate memory management in an intranet. The
main objective of the project is to implement and test a Corporate Memory
management framework integrating several emerging technologies in order to
optimize its maintenance and ease the search inside it and the use of its content
by members of the organization.

The main challenge is to create a coherent system that relies upon several
promising new technologies which are in the middle of their struggle to become
standards:

— Multi-agent architecture: it is well suited to the heterogeneity of the Cor-
porate Memory; its flexibility eases the system maintenance and keeps the
rhythm with the dynamics and evolution of the Corporate Memory; coop-
erating and adaptive agents assure a better working together with the user
in his pursuit to more effectively achieve his goals. The FIPA standard, sup-
ported by the CoMMA project, offers the specifications for interoperable
intelligent multi-agent systems.

! This work was supported by the CoMMA (Corporate Memory Management through
Agents) project [Con00] funded by the European Commission under Grant IST-1999-
12217, which started beginning of February 2000.
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— XML: is a standard recommended by the World Wide Web Consortium
intended to offer a human and machine understandable description language:
a good choice if it is important to ensure an easy maintenance, and seamless
flow through various information processing systems that are expected to
evolve in time.

— RDF/RDFS another W3C recommendation, that creates a semantic level
on the top of XML formal description. RDF annotations allow having an
integrated, global view of the Corporate Memory keeping untouched (in
terms of storage, maintenance) the heterogeneous and distributed nature of
the actual info sources. RDF also allows us to create a common ontology to
represent the enterprise model. The ontological commitment, a fundamental
choice in our approach to design the Corporate Memory, is motivated by our
belief that the community of corporate stakeholders is sharing some common
global views of the world that needs to be unified and formalized (RDFS)
to form the basis of the entire information system.

— Machine Learning Techniques make the system adaptive to the user, and
come even more naturally due to the previous choices, as presented in the
following section.

2 The use of Preference knowledge

Here we define preference knowledge as knowledge about a preference between
elements of a set. Such knowledge can be stated in various forms: a numerical
value assigned for each item, a total ordering relation, a partial ordering relation
or even a preordering of the set.

Logical models have been proposed to deal with such knowledge, some dealing
directly with the comparison abilities [Sch96] and others inspired from discrete
linear-time temporal logics [SR99].

It is generally admitted that a preference stands for an order that maybe
partial, even a preorder, but that it is often convenient to represent it by a
linear extension (which is a total order) or a numeric value compatible with the
known orderings.

Then, in terms of Machine Learning, different strategies may be used, de-
pending on the form of the preference knowledge.

2.1 Numeric labelling

A numeric labeling, i.e. a mapping of our set of examples into a set of real
numbers, is a convenient way to summarize a preference relation. Some Machine
Learning methods are available to learn numerical variables [Gas89,Bre96b,Bre96a).

Generally, the methods for learning to predict a numerical variable v measure
the quality of a predictive rule R by the standard deviation o%(v) of the value
of the variable among the set of objects verifying the concept R to be tested.

1 R(z)true

Q(R,v) = [R(z)true| XI: (v(z) —v)?
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The lower Q(R,v) is, the better R is to predict v, because the mean value of
v can be used with less error. With such criteria, any learning method will lead
to grouping several neighbour values around their mean. Then, the learnt rules
will not be very different from rules learnt from examples roughly rated with a
finite set of values.

2.2 The order relation

By definition, a binary relation, which we note <, is an order if it has the following
properties:

— reflexive x < x,
— transitive: if x <y and y < z, then z < z,
— antisymmetric: if x <y and y <z, then z = y.

Then, we can imagine to learn the binary relation by learning each of its
elements, that is, learn on each couple of objects (a,b) such that a<b. Then, let
us summarize the suitable properties of such a learning set for this approach to
work correctly.

First, if (a,b) with a < b is an example, then (b,a) is a counter-example.
Then, what happens to (a,a)? We can see that they would be both examples
and counter-examples, then it is better to consider the strict order relation, and
eliminate diagonal elements.

With these hypotheses, the description of an example is made of 2 parts: the
attributes which are modified between a and b, and those which keep the same
value. We can notice here that these attributes are the same as those involved
in the sorting tree of our examples.

Then, our method appears to be “half lazy”, in comparison with lazy learning
methods, like kNN or LWR, [Aha92]. Our learned knowledge is partly explicit,
but in the classification step, we need to compare a new instance with several
elements of the learning set (maybe in a dichotomic way) to put it in the right
place.

2.3 Statistical evaluation criteria

Usually in Machine Learning, particularly for building of decision trees, the
learned classification rules are evaluated by their similarity to the desired clas-
sification.

We can use the same principle here, and we have two possible families of
criteria. If we can compute a rank for each element, the similarity is computed
by measuring the rank correlation to the expected ranking. Otherwise, each pair
must be given: then we use a pairwise comparison between the expected order
and the learnt order.

Several measures of similatity between 2 different orderings of the same data
have been proposed. In each case, one has to deal with tied elements.
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The Spearman rank order correlation The Spearman rank order correlation
rs is a correlational measure that is used when both variables are ordinal. The
traditional formula for calculating the Spearman rank-order correlation is

651" (r; — 1))2
Corr(r,r)=1— ==t "¢/
(ry7) n(n? —1)
where r and 7’ are the ranks to compare of paired ranks. When there are tied

cases they should be assigned the mean of their ranks. The mean of the ranks
(ntp)(ntp+l) p(p+1))
2 2

from p+1 top+nis %( , which become after simplification

n+2p+1
—5 -

The Kendall pairwise 7 criterion When we have to compare each pair of
data, they can be classified as either tied (T), concordant (P), or discordant (Q).

The best measure for this case is Kendall’s 7, which takes into account a
correction for tied pairs. Its formula is

P-Q
VPFQ+T)P+Q+T,)

Ty =

where T, is the number of pairs tied on X but not Y, and T}, is the number
of pairs tied on Y but not X.

2.4 Verifying the consistency of the method

In the case we perform a pairwise learning of the order relation, we can notice
that a fundamental property, the transitivity, can be guaranteed by the learning
process itself, as we show below for a version space method [Mit97].

We can check that, if, for 3 examples the transitivity holds, then it is not
necessary to add the 3rd pair as example to learn the relation :

— let (a,b) = (a1 ...apn,b1...by) and (b,¢) = (by...bp,c1...¢p). Then, S is of
the form L A R, with the left part L as a generalisation of both a and b, and
the right part R of both b and c. Then, as L is a generalisation of ¢ and R
of ¢, S is a generalisation of (a, ).

— with the same conventions, G' has a disjunctive form whose elements reject
all the examples, then, if we represent any of its elements as L A R. If (b,a)
and (c,b) are rejected, it means that L rejects b or R rejects a, and L rejects
c or R rejects b. But G must also be a generalisation of S.

Of course, this is only a scheme of the proof, and is, strictly speaking, only
available for version-space-like learning. In a more general case, like decision tree
learning, we can only make the hypothesis that it is true. We concluded that
we could learn directly a sorting rule (in a greedy way, like decision trees) and
evaluate the obtained rule with the 7 criteria defined in section2.3.

Let us now describe more widely our application.
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3 Using preference in Knowledge Management

This section aims to present and discuss how our work on preference learning
fits into CoMMA project’s Knowledge Management System [Con00].

3.1 Getting the user profile

One of the advantages of an enterprise that should be exploited by such a corpo-
rate information management system is that the users (i.e. the employees) can
be known (their domains of interest/competence, their current activities/tasks).
This can be especially useful in some cases where users are likely to be over-
whelmed by the quantity of information to process and navigate themselves
through (new employees during accommodation, technology monitoring scien-
tists) who would appreciate personalized automated help in their process of
information retrieval. Nevertheless, using Machine Learning to reach this goal
can present some challenges. Some generic solutions are presented in [WPBO01].

3.2 Using semantic annotations

Secondly, we have “human and machine understandable” semantic information
upon the corporate knowledge offered by the RDF formalization, based upon an
“enterprise ontology” (RDF schema).

The combination of these two sources of information can provide a rich
ground to infer knowledge about the users’ probable/possible preferences. This
combination is made possible due to the fact that we use the same RDF stan-
dard for formalizing the user profile; the same base ontology for the enterprise
and user models.

It can be imagined that the info combined from these sources form sets of
attributes that will be used as input for an ML mechanism.

In order to set up such a ML mechanism, there are two main tasks to com-
plete:

1. Getting and formalizing the information to be decomposed as attributes to
feed the ML mechanism.
2. Defining the ML methodology to process this info

3.3 Collecting the information to create a set of most meaningful
attributes

We will need to answer the following question: Why does a user prefer a docu-
ment?

In our attempt to give an example of some possible answers, we are gradually
going deeper and deeper into details in case of complex answers: The document
18 interesting.

— Because it has been stated so:
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e By the user himself (the user has already seen the document, and “told”
the system, that he is interested in)
e By someone else (someone, maybe “close” to the user, wanted to share
a favorable opinion about a document)
— Because it concerns a topic close to the user’s interest fields:
e by the relation with the user:
* Personal interest fields
* Professional interest fields (known by his role in the enterprise)
e by the way they are obtained:
x Declared interest fields (the user has stated his interest documents
concerning a topic)
* Implied interest fields (the user is included in a community of interest
which is close to a topic)

The second question, that introduces the notion of temporality into the pref-
erence: Why does a user prefer a document at a given moment?

In other words, to make the difference from the first question: Why does a
user prefer a document at a given moment, and does not prefer it at another
moment?

— The document is interesting only if seen the first time (or the first few times)
— It is interesting during a certain period (when the user performs a certain
activity, etc.)

These answers are just some samples, one can think of many other possible
reasons. Though, we realize that it is a very important to find the right questions
and answers, that include the majority of possible situations. Indeed, getting the
right questions and answers and translating them into quantifiable attributes,
and making sure that the highest number of possible situations are observed is
a key to the success of such a learning mechanism, that may even outclass in
importance the chosen learning technique.

Nevertheless, we will present our approach in the Comma project to choose
some typical answers and attributes, but we keep more focused on the second
issue: the preference learning methodology.

3.4 Learning in the CoMMA system

After a short presentation of the design of the CoMMA system, this section
presents the multiagent interaction in which Machine Learning is performed in
CoMMA.

The chosen MAS consists of a society of coarse-grained agents, that fulfill in
general multiple roles, and are organized in a small number of functional sub-
societies. The MAS architecture was designed in order to optimize task-division,
flexibility and robustness of the system, and network layout (extensibility, scal-
ability, traffic optimization).

For the implementation of the prototype system, the Jade agent platform
was chosen, which is an Open Source Project developed by project partners,
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University of Parma and CSELT. Jade is a FIPA compliant agent platform,
implemented in Java, and has also the advantages of a wide opening towards
Internet and the Web, interoperability with other MAS-s, and future systems.

In the current status of implementation, the CoMMA system will help the
user in three main tasks:

— insertion and RDF annotation of documents,

— search of existing documents, and

— autonomous document delivery in a push fashion to provide her/him with
information about new interesting documents.

We have already experimented such an architecture in Network Supervi-
sion [EDQ96], with Machine Learning abilities [QEN97]. Here, for the Machine
Learning part, we choose to use the Weka open source Java library [WF99],
which enables us to experiment various learning methods and frameworks.

3.5 The learning agent

The first context to assess preference learning was chosen to be the document
retrieval scenario, via semantic annotations. The search engine used for docu-
ment retrieval in the CoMMA system is an inference engine called CORESE
[CDHO00] developed by INRIA, one of the partners of the project. CORESE uses
Conceptual Graphs and combines the advantages of using the RDF language for
expressing and exchanging metadata, and the query and inference mechanisms
available in CG formalism. In order to produce inferences, CORESE exploits the
common aspects between CG and RDF: it defined a mapping from annotation
statements (RDF triples) to Conceptual Graphs and vice-versa.

One of the shortcomings of such a query retrieval engine is that there is no
standard method to sort the information returned, such as keyword frequency
in keyword-based search engines. The returned data set must be post-processed,
filtered and sorted to present the user with the relevant information. Here comes
the aid offered by our ML mechanism.

In the CoMMA system, information that feeds the ML comes from several
sources: The document sub-society (the annotations accompanying a query re-
sponse), the user sub-society (user monitoring and explicit user feedback), and
ontology sub-society (to help getting the "meaning” of the results). And of course
the user profile. Therefore, the learning behavior was ”awarded” to the User Pro-
file Manager agent, which belongs to the connection dedicated sub-society, and
performs notably a role of middleman between agents. This decision was justi-
fied also by network traffic optimization reasons, especially because in reaction
to a user action (query), several interactions can be triggered between agents of
different roles.

For example, during a query retrieval, the main interactions are as described
in the following diagram.

In this scenario, the role of the ML component starts when the query an-
swers are collected and transmitted to the profile magager agent. First, the
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Fig. 1. The main interactions in CoOMMA during a query

semantic annotations are extracted and analysed. They are combined with the
relevant fields from the user profile in the attempt to compute the values of
the input attributes (such as the ones listed in the section about attributes). In
case the system finds that there could be more semantic annotations related to
the documents retrieved that could help in computing the input attributes, a
supplementary query can be formulated to retrieve them before going on with
processing and forwarding the answer.

The second step is to use the learnt preference measures to rank the docu-
ments and sort the answers list to be returned by these predictions.

3.6 The learning cycle

The goal of the ML component is to produce a set of rules that will be used to
produce predictions about user preferences. It can be supposed that the system
starts with a set of predefined rules, that will be gradually improved during the
process of adaptation to users (method known as theory refinement). Otherwise,
the system may start with an empty knowledge base, and will be undergo a
training period, to accumulate sufficient knowledge to allow its deployment.
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In our approach, user adaptability comes from both implicit observation of
the user (user monitoring subsystem), and explicit user feedback.

We use a ”"predict-or-learn” type protocol, that is, when the input is coming
from query answers, the system tries to use its knowledge to predict, otherwise,
when the input comes from the user in the form of negative feedback, the system
tries to update its rules set.

3.7 A sample set of attributes

A sample set of attributes we used to create instances from the answers we
gave as examples to the question of preference is listed in the followings. These
attributes may not be the most relevant ones, or adapted to any case, we only
tried to make it diverse and for most of them restricted the scope as much as
possible for the sake of simplicity of our prototype.

Is the document related to the user’s role We suppose that the users,
depending on their roles, will be assigned certain interest fields, that will be
recorded in their profiles. Then, the documents can have a generic Concerns
property, that associates them with such topics. In this scenario, the notions like
Topic, Concerns, Interestedby, etc are defined as concepts in the ontology that
constitutes the basis of the enterprise model.

As an observation, the notion topic or interest field is used in a general sense
to categorise documents.

Then we can extract this information from the user profile and document
annotation and combine them to create an instance attribute. We can define
this attribute as taking a binary value.

In a complete implementation it is likely that this relationship can be seen as
more complex and eventually be split into several attributes, and/or may take
a wider range of values.

Is the document related to the user’s COINs (communities of inter-
ests) This attribute reflects a further differenciation we have made in interest
topics when answering the preference question: topics can be assigned or chosen
by the user; inherited or inferred by the system, etc.

In the same conditions as for the attribute above, the attribute will take a
binary value, and in case we define relationships, we can use the same procedure
as above.

User experience at the company Since in our project addressing the New
Employee scenario is particularly focused upon, we considered important mak-
ing the system behave differently towards new versus experienced employees.
We have segmented the range of values so that this may take values such as:
lessthanlweek, lessthanlmonth, lessthan2months, ... all these regarding the
novice user, and morethan3months (or simply emphexpert, or whatever the op-
posite for NE is). A tip for implementation, if such a segmentation is desired, is
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to define these intervals in the enterprise ontology, so it can adapt to its specific
needs.

The following subset of attributes are related to user monitoring.

In our example we have imagined a simple user monitoring scenario, that
supposes tracking each consultation of a document by the user, and building a
navigation history (or consultation trace).

Document last seen Usually it is important if a document was seen before
or not, and if it was then how long before. After extraction from the user’s
navigation history it should also be discretised into several intervals: jlhour,
ilday, jlweek, ... , never.

Average return frequency In certain cases the user may return more often
to a document, in other cases an information can only present interest when first
seen. This attribute may also tell something about the situation for the current
case. The value will also result from processing the navigation history, and it
would probably be enough to use some rough intervals (like once, small, large,
etc.)

Document category touch frequency It might present an interest to extend
the above attribute for categories the document belongs to. In this case the value
will be processed the same way as for the previous attribute. In case a specific
strategy for creating implicit communities of interest is envisaged, it should be
checked if there are possible conflicts with the use of this attribute.

The next attributes contain specific information about the particular docu-
ment being analysed:

The user’s rating for the document For some specific documents, the user
may explicitly wish to manifest his interest or non-interest. In this case the
user profile should allow storing this information. It is a general vote for the
document, and does not have the temporal aspect implied by the output of this
classifier.

Public ratings Sometimes a user would like to share his opinion about a doc-
ument with others. In this case it must be foreseen in the enterprise model so
that it may be stored in the form of an annotation, that can be used also by
our classifier. A method should be formalised to allow storing information about
people possibly interested about this opinion.

This was a list we used in our first trials. Once again we make the remark
that the list of attributes should be open, and checking the completeness and
exhaustiveness of it has to be an important and ongoing task. In other words,
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watching that the factors that contribute to a document being seen as more or
less relevant in a situation have been well captured, and that there are no other
decisive factors that were omitted, or can not be represented. Because in either
case, the system might make major mistakes in certain situations, whatever
learning algorithm was used.

3.8 Document ranking and sorting

In our case, the first goal is to sort documents in a query response by the order
of predicted user preference. The two principal strategies that can be used to
achieve that, are: grouping documents using numeric labeling or learning the
order relation (or the sorting rule).

For the first trial of our system, we choose to learn a rough labelling in a
finite set of classes (namely 5), to classify the documents retrieved by the system
after a user query. Then, we clearly fall in the first kind of strategy, whose goal
is not to obtain a fine grained ranking, but only a coarse grained rating.

This is equivalent to the use of numeric labeling, associating numeric values
from a finite set to categories of documents representing their importance. But
the drawback is that the system will not be aware of the semantic of the order
relation. And there is also a risk, that in case of large number of items to classify,
many of them will fall into the same class, and there will be no further means
to differentiate them.

On the other hand, if an order relation is used (either by pairwise learning
or by learning the sorting rules), we will have no distance measure to separate
the values. That is, to give an idea about for instance “how much a document
is more important then another”.

Then, a perspective for document retrieval systems of this kind can be to use
both methods in a complementary way:

1. in serial-coupling (one method used to pre-process, the second to post-
process)

2. in parallel (eventually in distinct agents) then putting together the results
and solving conflicts.

In order to evaluate the contribution of learning to the efficiency of the re-
trieval system, we have designed an experimental protocol. It consists on eval-
uating the learning step by comparing the use trace with and without learning,
in the various scenarii taken in account in the CoMMA system.

4 Conclusion

In the CoMMA project, the Machine Learning and user adaptability component
is one of the main features. In this paper we presented the advances that we have
made in this domain, especially focussing on the learning of preference data for
document retrieval.
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We proposed a specific method to learn preference data, and a framework to
experiment and evaluate it. The main choice we focus on does not only present
the usefulness of Machine Learning, but also tries to overcome some of the lim-
itations of semantic information retrieval systems.

In our opinion, the choice we made here will give interesting results during
the first trial we planned in the project, then allows an experimental evaluation
through feedback from the user.

The implementation is currently well advanced, and we begin to have some
experimental results.
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ARCH: An Adaptive Agent for Retrieval Based
on Concept Hierarchies

B. Mobasher

We present a client-side agent, named ARCH, for assisting users in one of
the most difficult information retrieval tasks, i.e., that of formulating an effec-
tive search query. The agent utilizes a hierarchically-organized semantic knowl-
edge base in aggregate form, as well as an automatically learned user profile,
to enhance user queries. In contrast to traditional methods based on relevance
feedback, ARCH assists users in query modification prior to the search task. The
initial user query is (semi-)automatically modified based on the user’s interac-
tion with an embedded, but modular, concept hierarchy. The modular design of
the agent allows users to switch among the representations of different domain-
specific hierarchies depending on the goals of the search. ARCH passively learns
a user profile by observing the user’s past browsing behavior. The profiles are
used to provide additional context to the user’s information need represented by
the initial query. The full system also incorporates mechanisms for categorizing
and filtering the search results, and using these categories for performing re-
fined searches in the background. Preliminary experiments have shown that the
agent can substantially improve the effectiveness of information retrieval both
in the general context of the Web, as well as for search against domain-specific
document indexes.
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Utilising an Ontology Based Repository
to Connect Web Miners and Application Agents
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Abstract. Ontologies are important for providing a shared understanding of a
domain for web mining agents and other agents accessing the gathered informa-
tion. When the information access is decoupled from the mining process — for
example when building a semantic web server — an additional storage compliant
to the application ontology is needed. The COMRIS information layer was built
to serve that purpose for a system supporting conference participants. It is able
to provide permanent access to gathered or aggregated information suitable for
both, humans and software agents by providing FIPA ACL and HTML interfaces.

1 Introduction

The goal of the COMRIS project was to design an agent based conference support sys-
tem. Conference participants were equipped with a wearable electronic device that was
able to recognise other participants wearing a similar device. The purpose of the device
was to introduce participants &ach other, to filter requests and to provide backgd
information depending on the current context [1]. In order to perform its task, the agent
controlling the device needed background information during the short period of time a
certain context was valid: When a person has passed by, it is too late to introduce that
person.

The background information should be provided by a web mining process. Since
starting mining on demand seemed too slow for the given application, web mining was
already performed beforehand. The approach is similar to using web spiders for search
engines: If they were launched just when somebody enters a keyword, web searching
would not be really practical.

2 The Mining Task

The gathering agents enrich the conference information by gathering information from
different sources in the WWW. In our case, the agents just collect all information avail-
able about the registered conference participants, and new persons discovered in the
gathering process were not investigated further. The information was used to enrich
the knowledge about a person and its relations to other persons (e.g. co-author, project
partner).
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In the conference scenario, we were using three different types of gathering agents:
The CORDIS collector is able to query the CORDIS project database of the Euro-
pean Union, the KA (Knowledge Acquisition) and ILP (Inductive Logic Programming)
agents are able to query two different bibliography databases for the corresponding
community. Each agent takes into account the special structure of its source, but they
all stem from one generic agent. Together, the gathering agents are able to find European
projects the conference participants were involved in and most of their publications.

Before the actual start of the conference, a learning step was applied to informa-
tion gathered for a set of training persons. The Rule Discovery Tool (RDT [2]) of the
MOBAL machine learning system [3, 4] was used to learn indicators for a “may-want-
to-meet” relation between participants. While the learning step itself was performed
off-line, the rules learned were applied to the information gathered in the runtime sys-
tem, in order to create default instructions for the personal representation agents of the
participants.

3 Complex Mining Tasks require Ontologies

When operating on a highly structured information space, it isongér sufficient to

just store words in a huge database. This is where the application ontology comes into
play. Both, gathering and application agents need a common language. Also, in order to
be able to perform the gathering beforehand, some kind of repository for the gathered
informationis needed. For the COMRIS conference scenario, the amount of concepts to
be modelled, like participants, speakers, talks, sessions, rooms, agents, booths, sched-
ules etc., became quite large. Moreover, all concepts had a lot of complex relations to
other concepts.

Using relational tables for this purpose seemed inadequate because of the compli-
cated mapping that is required to transform the ontology to a high number of tables.
Also, the table solution seemed inflexible because ontological changes would cause a
lot of changes in database tables and additional “agentification” wrappers.

Description Logic [5] systems like KL-ONE [6] provide additional features like au-
tomated classification that are computational expensive but not required in the system.
All reasoning was intended to be performed by the specialised agents. Like for the rela-
tional tables, additional wrappers for an Agent Communication Language (ACL) would
be required. Also, using Description Logics would require globally unique slot names,
leading to additional negotiation efforts between the project partners designing “their”
part of the application ontology.

OntoBroker, a system extracting ontologies from the web, is able to automatically
unfold the stored knowledge and provides persistence for the ontology itself [7]. While
its centralised structure would be a good starting point for learning mechanisms, the
system interface is not agent but human oriented.

4 Information Layer System Architecture

For the given reasons, we decided to build a new kind of information system that
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— provides ACL access in the first place,
— is agent based itself,
— and is built on an ontology that is not hard-wired to the system.

The main purpose of the system was to act as blackboard [8, 9] for decoupled com-
munication between the conference organisers entering the initial participant informa-
tion, the gathering agents annotating this information with web content, and the appli-
cation agents utilising the gathered information for their tasks helping the conference
participants.

o
(o) —for) & o
o
FM ACL/ HTML
)WIL—Interface Interface
Object Repository /
»Blackboard«

—
‘— \\ ] 4
Gathering File
E ents Connections
N \

World Wide W Ontology
orld Wide Web XML Bile

Persistent
Instance
Storage
-

Fig. 1. Information layer architecture overview

The kernel of this system, the COMRIS information layer, provides only a memory
representation of information structured corresponding to a given ontology. All other
features were delegated to additional modules or agents, performing specialised tasks
like:

— Handling communication with other agents

— Applying the learned rules to transform gathered data to default agent instructions

— Synchronisation with the underlying persistent data storage

— Building a generic HTML presentation from the ontology and the actual informa-
tion layer content

The HTML presentation was not an initial part of the system, but once the system
was built, it seemed a waste of resources to set up a separate conference web site built
on traditional techniques. Instead, a wrapper agent transformed HTTP requests to ACL
messages and forwarded them to the corresponding agents. Figure 1 shows an overview
of the system architecture.
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Fig. 2. Sample UML ontology diagram

5 Ontology and Data Model

The information layer uses an object-oriented model for data representation. Objects
consist of atomic attributes and relations to other objects. The consistency of relations
in both directions is ensured automatically, avoiding inconsistencies inside the system.
The concepts and relations are defined application-dependent in an external ontology
definition file. All files used by the information layer are stored as XML documents.

The ontology used in the COMRIS information layer is defined using an Unified
Modelling Language (UML) model [10, 11] encoded in a simple XML format. Com-
pared to other languages suitable for ontology modelling, UML currently still lacks
clearly defined semantics. However, there are significant efforts to solve this problems
[12,13].

Figure 2 shows the UML diagram of the shared parts of the COMRIS ontology.
Gathered information about publications and projects was transformed to templates for
the Personal Representative Agersa(Template ) by applying the learned rules.

The raw data gathered was also stored in the information system, but was not shared
among all agents.
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6 Communication and Content Languages

The communication and content languages for software agents and system components
are based on XML, too. An XMLified version of FIPA ACL [14] is used as communica-
tion language, whereas the actual content language format is derived from the ontology
automatically. Figure 6 shows the content language encoding of Tanja Katschenko and
Carlos Gomez working at IBM corresponding to the ontology example in the previous
section.

Linked Structure Nested Structure

<Organization id="555777">
<name>IBM</name>
</Organization>

<Organization id="555777">
<name>IBM</name>
<members>
<Person id="888543">
<name>Katschenko</name>
<firstName>Tanja</firstName>
</Person>
<Person id="878653">
<name>Gomez</name>
<firstName>Carlos</firstName>
</Person>
</members>
</Organization>

<Person id="888543">
<name>Katschenko</name>
<firstName>Tanja</firstName>
<memberOf idref="555777"/>
</Person>

<Person id="878653">
<name>Gomez</name>
<firstName>Carlos</firstName>
<memberOf idref="555777"/>
</Person>

Fig. 3. Content language examples

Relations between instances can be described usindrife attribute, or by em-
bedding related instances in the relation element. The encoding used for sending in-
stances to software agents or other entities can be controlled by the corresponding entity
to fit its particular needs best.

Readers familiar with the Resource Description Format (RDF) will have noticed a
strong similarity of the formats. While it would be possible to migrate to RDF, there
would be no improvement concerning human readability, which turned out crucial
for system integration and maintenance. Moreover, RDF uses a property-centric data
model, causing compatibility issues with traditional object oriented systems. The high
number of RDF syntax variants leads to integration problems with other XML building
blocks like XML Schema and XSLT [15] [16]. For those reasons, we will replace the
current XML representation by the serialisation format of the Simple Object Access
Protocol (SOAP) [17], improving the compactness and readability of the format as well
as compatibility to SOAP based third party systems. However, migration to SOAP does
not exclude building an additional RDF based interface if required.

7 Query Interface

The information layer supports a subset of OQL [18] as query language for agents. Ad-
ditional languages may be plugged in by adding corresponding agents. By subscribing
to the information layer, it is possible to keep an agent up to date without polling [19].
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8 HTML Generation

The information layer contains a module that provides built-in web-server functionality.
Since XML is not fully supported by web browsers yet, the server is able to generate
HTML dynamically: For any object, the attributes are simply displayed, and the rela-
tions are converted to sets of hyperlinks to the related objects (figure 4). The HTML
interface can also be used to edit the content of the system using forms generated dy-
namically based on the ontology.

0] Netscape: COMRIS Testseite
Fle Edi View Go Communicator Help
< ¥ 3 ¥ . £ I & B
Back Fonvers Reload  Home Search Gude  Prnt Securty Siop
i Bocknarks 4 Netsite:[http: //waw-ai.cs . uni-dortmund. de/FORSCHUNG/VEREAHREN/IL 1
il
e Parrot said:
COMRyg The P: id:
) 5, You might be interested in the session about agents and information access in the
& e % in ies stream where your reviewer, Donald Steiner, speaks
& % puen : ! eyou
£l A about “mobile access to travel inf services”.
S S
%, &
 Realiey W /Object/Attendable/Event/Session/
Conference Agents and information access
® message board date: 1997-11-24
« Schedule
» information start: 1600
© participants end: 16:30
o speakers .
o o hibition location:  Bruessels Congress Centre
and ddle:  Agents and information access
o calls and iredBy: R
initiatives chairedBy:  Jennings, Nick
Agent’s space speakers:  Jennings, Nick Information Management as social activity
. Steiner, Donald Mobile access to travel information services
. gmeracl
. '“:l:i‘?g and Krulwich, Bruce Intelligent agents for Internet automation
modif
Nwana, Hyacinth Agents in future communication systems
Chiariglione, Leonardo  Generic technologies for successful agents
stream: Developments in base technologies
o [ 100% EX RN

Fig. 4. Access to the Information Layer using a Web Browser.

In the COMRIS project, the HTML interface was used for interaction with the end
user as well for as debugging and inspection purposes.

In addition to generic HTML generation, templates can be used in order to generate
HTML pages conforming to a given look and feel. In the COMRIS project, we have
also used the template mechanism to generate the input structure required by the text
generation system TG/2 ([20]) which was used to generate natural language output for
the wearable device.

The template mechanism was also used to generate questionnaires for evaluating
the mining and learning results of the gatherers [21, 22].

9 Conclusion and Outlook

The main purpose of the implemented system was to provide an ontology based per-
sistent blackboard communication mechanisms for connecting mining and application
agents.
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Using ontologies and agent technologies enabled a simple extension of the system
beyond the original purpose. The system can now also be used to publish structured and
massively linked data to the traditional “human readable” web using template based
(X)HTML generation. The system proved useful not only for modelling some aspects
of a conference but also for other applications with many sets of small and massively
linked objects.

Currently, the COMRIS information layer is used for two internal projects and as
the training server of MLnét In the future, it is planned to use the information layer in
the MiningMart project for storing and editing data mining meta information.

The most important future developments are to make the information layer compli-
ant to SOAP serialisation [17] and XMI in order to use a standardised XML formats
for the message content language and for the ontology definition. It is also planned
to include structure translation mechanisms for connecting systems using different but
related application ontologies.
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Abstract. Navigation and information retrieval on the Web are not easy tasks;
the challenge is to extract information from the large amount of data available.
Most of this data is unstructured, which makes the application of existing data
mining techniques to the Web very difficult. However, new semantic
structures which improve the results of Web Mining are currently being
developed in the Web. This paper presents how one of these semantic
structures - XML topic maps — can be exploited to help users find relevant
information in the Web. This paper is organised as follows: first, we introduce
XML topic maps in the context of Tim Berners-Lee's Semantic Web vision.
Then, we show how topic maps allow to characterise and "clean" Web data
through the definition of a profile; this is achieved by the analysis of a lattice
generated by a classification algorithm - called Galois algorithm. This profile
may be used to evaluate the relevance of a web site with regard to a specific
request on a traditional search engine. We finally explain how data on the
Web can be clustered, organised and visualised in different ways so as to
enhance users' navigation and understanding of these documents.

1 Introduction

Navigation and information retrieval on the Web are not easy tasks; the challenge is
to extract information from the large amount of data available. Most of this data is
unstructured, which makes the application of existing data mining techniques to the
Web very difficult. However, new semantic structures which improve the results of
Web Mining are currently being developed in the Web. This paper presents how one
of these semantic structures - XML topic maps — can be exploited to help users find
relevant information in the Web. This paper is organised as follows: first, we
introduce XML topic maps in the context of Tim Berners-Lee's Semantic Web
vision [E. Then we show how topic maps allow to characterise Web sites through
the definition of a profile. This profile may be used to evaluate the relevance of a
web site with regard to a specific request on a traditional search engine. We finally
explain how data on the Web can be clustered, organised and visualised in different
ways so as to enhance users' navigation and understanding of these documents.
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2 XML Topic Maps and the Semantic Web

Finding information on the Web is very difficult. Search engines may return
hundreds or more links to users' queries — provided that the right keywords are used.
Choosing the most relevant Web sites to explore is not trivial, because no semantics
help evaluate the relevance of each hit. The next step is not easier: once a link is
chosen, navigation is not always intuitive. Users can get lost easily: they may not
find the information they are looking for even though it does exist. Sometimes they
do not manage to go back to a page they have already visited. This is due to the lack
of structure of the Web. Therefore it is necessary to add structure and semantics as
well as to provide a mechanism which allows a more precise description of data on
the Web. According to Tim Berners-Lee from W3C [2]:

"The Semantic Web is a vision: the idea of having data on the web defined and
linked in a way that it can be used by machines — not just for display purposes, but
for using it in various applications."

This Semantic Web can be achieved by adding semantic structures to the current
Web. Many candidate techniques were proposed, such as semantic networks [[16],
conceptual graphs [b], the W3C Resource Description Framework (RDF) and
XML Topic Maps []l 1]. Semantic networks are basically directed graphs (networks)
consisting of vertices linked by edges. Edges express semantic relationships between
the vertices.

The conceptual graphs theory developed by Sowa is a language for
knowledge representation based on linguistics, psychology and philosophy.

RDF data consists of nodes and attached attribute/value pairs. Nodes can be any
web resource (pages, servers, basically anything for which you can give a URI), or
other instances of metadata. Attributes are named properties of the nodes, and their
values are either atomic (character strings, numbers, etc.), metadata instances or
other resource. This mechanism allows us to build labelled directed graphs.

Topic maps, as defined in ISO/IEC 13250 [@, are used to organise information in
a way that can be optimised for navigation. Topic maps were designed to solve the
problem of large quantities of unorganised information. Information is not useful if
it cannot be found or linked. In the paper publishing world, there are several
mechanisms to organise and index the information contained within a book or
document. Indexes allow readers to go directly to the portion of the document that is
relevant to their information needs. Topic maps can be thought of as the online
equivalent of printed indexes. Topic maps are also a powerful way to manage link
information, much as glossaries, cross-references, thesauri and catalogs do in the
paper world. Topic Maps allow users to create a large quantity of metadata and
tightly interconnected data. They constitute a kind of semantic network above the
data themselves.

A new specification which aims at applying the topic map paradigm to the Web is
currently being written; this initiative is called XTM (XML Topic Maps) [. XML
Topic Maps allow to structure data on the Web and therefore make Web mining
more efficient.

It was recently proven that the RDF and Topic Map models could inter-operate at
a fundamental level [EI] Both standards are concerned with defining relationships
between entities with identity. Each language can be used to model the other.
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All the techniques described previously have the same goals and many of them
are compatible. We decided to further investigate XML Topic Maps and study how
they could enhance Semantic Web Mining.

We aim at helping users find relevant information and we contribute at three
levels:

1. by evaluating Web sites relevance to users needs based on semantic criteria,

2. by filtering the topic map; the topic map profile constitutes a reference that can be
used to select the most semantically significant objects (called regular objects).
This allows to identify the major subjects which the topic map deals with and to
discard less relevant topics.

3. by enhancing navigation on the Web through the aggregation of conceptually
related topics and through the visualisation with different scales — or levels of
details.

The different steps of topic maps — or Web sitesﬂ- analysis are represented in
figure 1:

Topic map

Conceptual classification algorithm

G alois lattice

opic map characterisation
> Topic map filtering
Topic map clustering

Fig. 1. Web sites analysis algorithm

We propose to achieve the first goal by defining profiles of topic maps — and
consequently Web sites. These profiles characterise topic maps — or web sites - and
help evaluate their relevance to users' information needs. The computation of this
sort of topic map "DNA" and its interpretation are described in section 4.

The topic map may contain topics which are not semantically significant or not
much related to others. We call them singular topics. They may be eliminated from
the topic map so as to clean it, as explained in section 4.2.

!'In the following, we will use the term "topic map" which is more general than "Web site".
Topic maps may apply to any kind of data.



Our third contribution consists in enhancing navigation and information retrieval
in a Web site. Information retrieval varies according to the needs of the user. If he
looks for an answer to a specific question, query languages (like "tolog" [E]) are
adapted. Their strength is to exploit the relationships between objects, which allows
to answer questions better. For example, one may seek the Beatles’ songs which
were not written by John Lennon. This kind of information would be difficult to find
with a traditional search engine.

If the subject of interest is clearly identified, it is easy to explore the
corresponding topic in the topic map. This topic can be reached through a list of
topics, for example an alphabetical list. Tools to navigate in topic maps have been
designed so that any topic can be reached in 7 mouse clicks at most.

If the user has no precise question nor any clear subject of interest, none of the
search modes described above can apply. This is the case of a beginner user who
wishes to have a global understanding of the topic map so as to decide where to start
his navigation. Therefore he first needs a simplified view of the topic map, with no
detail, then he can decide to see more precise information as his subject of interest
gets clearer. Let us compare this to geographical maps: there is no point in
displaying very specific data on a map of the world. However, more and more
details may be added as the user focuses on some part of the map. We propose to use
clustering algorithms to group semantically related topic together at different
abstraction levels. Clusters computation and visualisation are described in section 5.

The figure 1 shows that topic maps — or Web sites — characterization, filtering and
clustering are deduced from the results of a conceptual classification algorithm
based on Formal Concept Analysis and Galois connections. This algorithm is
presented in section 3.

3 Conceptual classification algorithm

The starting point of our Web analysis is a conceptual classification algorithm based
on Formal Concept Analysis and Galois connections. FCA is a mathematical
approach to data analysis which provides information with structure. FCA may be
used for conceptual clustering as shown in [EII and . Let us first define a few
terms:

— an object is a topic or an association of the topic map,

— the objects have characteristics called properties. We describe how these

properties are determined in 3.1.

A profile allows to characterise a topic map in a structural way. With this
footprint, one can tell if the topic map is specific or general. We can also tell if the
objects of a topic map are similar or very different. In order to characterise objects,
we use a Galois algorithm to classify the objects conceptually. This algorithm
groups objects in concepts according to the properties they have in common. It is
very powerful because it performs a semantic classification without having to
express semantics explicitly. We will first describe how the objects and their
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properties are generated from a topic map. Then we will describe Galois lattices and
detail the statistical computations made on the objects. We will finally explain how
the profile is determined.

3.1 Objects and properties generation
The generation of objects and properties is a 2-steps process.

e First step:

Every time there is an element with an identifier (that is an id attribute), a new
object is created. The name of the object is the value of the identifier. As stated in
the DTD (Document Type Definition), all topics and associations of the topic map
have an identifier, so there will be the same number of objects as the number of
topics and associations.

An object's properties correspond to the values of this object's attributes
(including the value of the id attribute), as well as the values of his children'
attributes. These properties are weighted (for instance, the weight of the values of
instanceOf attributes may be greater than the weight of the values of Aref attributes).

Generation of object and properties (first step):

element <topic> attributes id= "topic1" attr2="val2" attr3="val3"

object topicl e—— Properties  topic 1

val2
val3 -

Example: consider the following extract of a topic map about music, written by
Kal Ahmedf]
<topic id="t-the-clash">
<instanceOf>
<topicRef xlink:href="tt-band"/>
</instanceOf>
<baseName>
<baseNameString>The Clash</baseNameString>
<variant>
<parameters>
<topicRef xlink:href="http://www.topicmaps.org/xtm/1.0/psi-sort"/>
</parameters>
<variantName>
<resourceData>clash the</resourceData>
</variantName>

2 Kal Ahmed works for Ontopia, http://www.ontopia.net
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</variant>
<variant>
<parameters>
<topicRef xlink:href="http://www.topicmaps.org/xtm/1.0/psi-sort"/>
</parameters>
<variantName>
<resourceData>Clash, The</resourceData>
</variantName>
</variant>
</baseName>
</topic>

An XML document is made of elements limited by tags and is hierarchically
structured. In the example we studied, topic, instanceOf and baseName are elements.
An element may have characteristics called attributes. The attributes of an element
are declared inside the opening tag of the element. The element fopic has an attribute
id with a value tt-clash. The element instanceOf has no attribute.

When parsing the topic map, we find a topic which has an identifier with the
value t-the-clash. An object t-the-clash is thus created.

In order to determine the properties of these objects, we look for all the attributes
of this element. In this case, the only one is the identifier.

Then, we have a look at the children of this element (that is all the XML elements
included in the element) to find their attributes. We repeat this for all the children.

In this example, the analysis of this abstract of the topic map creates an object ¢-
the-clash with the properties ¢-the-clash (weight e.g. 0.5), tt-band (weight e.g. 2) and
hiip://www.topicmaps.org/xtm/1.0/psi-sort | (weight e.g. 0.2). The weights shown
here correspond to one possible scenario - in which the type of a topic (weight 2) is
more important than its name (weight 0.5), its occurrences (weight 0.2) or the
associations it is involved in (weight 1).

In the same way, the analysis of the following abstract:
<topic id="tt-band">
<instanceOf>
<topicRef xlink:href="tt-music"/>
</instanceOf>
<baseName>
<baseNameString>Band</baseNameString>
</baseName>
</topic>

leads to the creation of an object #-band with the properties #-band (weight e.g.
0.5) and tt-music (weight e.g. 2).

The last example concerns an association:
<association id="assoc6">
<instanceOf>
<topicRef xlink:href="at-recorded"/>
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</instanceOf>
<member>
<instanceOf>
<topicRef xlink:href="tt-band"/>
</instanceOf>
<topicRef xlink:href="t-the-clash"/>
</member>
<member>
<instanceOf>
<topicRef xlink:href="tt-track"/>
</instanceOf>
<topicRef xlink:href="t-i-fought-the-law"/>
</member>
</association>

The object assoc6 is created and has the properties assoc6 (weight e.g. 0.5), at-
recorded (weight e.g. 2), tt-band, t-the-clash, tt-track and t-i-fought-the-law.

So far, the properties of an object are only intrinsic properties. Indeed, the object
t-the-clash takes a part in the association assoc6, but this does not appear in its

properties yet, since the association is not declared inside the topic which has the
identifier #-the-clash. The second step takes these characteristics into account.

e Second step:
Generation principle of the objects and properties (second step):

element <topic> attributes id= "topic1" attr2="val2" attr3="val3"

object topicl «—— Properties  topic 1

val2 44—

val3 <
—» object val2 Properties topicl
’—> object val3 Properties topicl

The second steps adds non intrinsic properties to the objects by “crossing” the
data. In fact, for an object O with a set of properties P, each property P becomes an
object with O (amongst others) as a property. The properties of an object are its
intrinsic properties and all the properties that were added recursively.
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In the previous examples, the object assoc6 has the properties assoc6, tt-band and
t-the-clash. The property assoc6 is added to the objects tt-band and t-the-clash. So
all the objects know the associations they appear in.

Moreover, the object ¢-the-clash has the property ##-band. The data is crossed by
adding #-the clash to the object #t-band. This example illustrates a new type of
information, which was not present in the first step: the object #-band knows it has
an instance of #-the-clash. In the preceeding scenario, t-the-clash was the only one to
know its superclass.

In the end, #-band has the properties tt-band (weight e.g. 0.5), tt-music(weight
e.g. 2), t-the-clash (weight e.g. 1), assocl (weight e.g. 1), assoc2 (weight e.g. 1) and
assoc6 (weight e.g. 1). The object ¢-the-clash has the characteristics
hittp://www.topicmaps.org/xtm/1.0/psi-sort | (weight e.g. 0.2), tt-band, t-the-clash
(weight e.g. 0.5), assocl (weight e.g. 1), assoc2 (weight e.g. 1) and assoc6 (weight
e.g. ).

Note that the properties assocl and assoc2 correspond to other associations in
which tt-band and t-the-clash appear. These associations are present in the topic
map but not in the extracts we presented.

3.2 Introduction to Galois lattices

The notion of Galois lattice for a relationship between two sets is the basis of a set
of conceptual classification methods. This notion was introduced by Birkhoff in [E||
and by Barbut and Monjardet in [ID. Galois lattices consist in grouping objects into
classes that materialise concepts of the domain under study. Individual objects are
discriminated according to the properties they have in common. This algorithm is
very powerful as it performs semantic classification. Topic maps are semantic
structures themselves, but they may be very large and complex, so this algorithm is
interesting to extract more semantics from them. The algorithm we implemented is
based on the one that was proposed in [Iﬂ.

Let us first introduce Galois lattices basic concepts.

Let two finite sets E and E’ (E consists of a set of objects and E’ is the set of
these objects’ properties), and a binary relation R  E x E> between these two sets.
Figure 2 shows an example of binary relation between two sets. According to
Wille’s terminology [, the triple (E, E’, R) is a formal context which corresponds
to a unique Galois lattice. It represents natural regroupings of E and E’ elements.

Let P(E) be the powerset of E and P(E’) the powerset of E’. Each element of the
lattice is a couple, also called concept, noted (X, X’). A concept is composed of two
sets X € P(E) and X’ € P(E’) which satisfy the two following properties :

X’ =f(X) where f(X)={x’ € E’ | Vx e X, xRx’ }

1
X =P(X") where /(X’)= {xe€ E|Vx’ e X’, xRx’ }
A partial order on concepts is defined as follows :
Let C1=(X1, X’1) and C2=(X2, X’2),
ClkC2eX1cX2e X2 X1 )
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This partial order is used to draw a graph called a Hasse diagram, as shown on
figure 2. There is an edge between two concepts C1 and C2 if C1<C2 and there is no
other element C3 in the lattice such as C1<C3<C2. In a Hasse diagram, the edge
direction is upwards. This graph can be interpreted as a representation of the
generalisation / specialisation relationship between couples, where C1<C2 means
that C1 is more general than C2 (and Cl1 is above C2 in the diagram).

41,23 ,4558)
(1.2, 57 124308 a.53b) @2.351ap
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Fig. 2. Binary relationship and associated Galois lattice representation (Hasse diagram)
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Fig. 3. Concept lattice of a topic map about music
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The concept lattice shows the commonalities between the concepts of the context.
The first part of a concept is the set of objects. It is called "extension". The second
set — the intention - reveals the common properties of the extension's objects. The
figure 3 shows the concept lattice generated from our example topic map about
music.

4 Topic maps characterisation: conceptual profile

4.1 Calculating the statistics for every object.

We calculate statistics for every object of the topic map. We compute a weighted

mean of these statistics. Each object has a weight which is assigned according to its

importance in the topic map (the number of occurrences of the object in the XML

source file).

Consider an object O. It is characterised by a vector with 6 components:

e The first component (A1) is the percentage of concepts of the sub-lattice where
the object is present in the list of extensions. This value tells if O is present in
many concepts of the lattice. A low value for A1 may indicate that O has few
common characteristics with other objects. However, the other components allow
to increase our knowledge.

e The second component is the maximum number of objects with which O is
grouped, divided by the total number of objects. We have to select the concept
containing O and with the largest number of objects. We add a constraint on this
concept: it must contain at least one property. Indeed, we wish to group objects
with common properties. The component A2 shows if O is grouped with many
other objects. However, this value is a maximal value. The validity of A2 must be
checked using A3.

e A3 is the mean number of objects with which O is grouped divided by the
number of objects. This time we can tell if O is linked to a large number of
objects and determine the significance of A2. If A3 is high, then there is a
concept with O and many other concepts. On the other hand, if A3 is low, O is
grouped with very few objects. The selected concept is thus an exception and we
should not base our analysis on it.

o Let S be the set of objects which are grouped with O in one —or more- concepts of
the lattice; these objects have at least one of O's properties. A4 is the maximum
number of properties O shares with the objects contained in S, divided by the
total number of objects. This component is deduced from the concept containing
the object O and which has the greatest number of properties. Again, we add a
constraint on this concept: it must contain at least two objects, that is at least one
object different from O. We want to evaluate the number of shared properties,
thus we need at least one object with which O shares them. A4 tells if the objects
which are close to O share many common properties with O or not. Objects are
more similar when they share an increasing number of properties. This similarity
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can either be structural or conceptual. However, this value is a maximum number
which must be validated with AS.

e AS is the mean number of properties O shares with other objects, divided by the
total number of properties. This tells the degree of significance of A4.

¢ Finally, A6 is about the topic map itself, and not about the lattice. It is the number
of occurrences of the object in the topic map divided by the number of
occurrences of objects of the same type (topic or association). A6 is used to
compute the topic map’s profile. This profile represents the characteristics of a
mean object. Each component of this vector is the mean of the components of
each object in the topic map, with a weight A6 given to each of these objects.
Thus, objects with a high number of occurrences in the topic map will influence
the profile much more than objects with few occurrences.

Note that the five first components are deduced from an analysis of the lattice
whereas the last component only depends on the XML document.

4.2 Topic map — Web site - profile and selection of objects

When the statistics have been computed for every topic and association, the profile
can be deduced. It is a vector for which each component is a mean of the
components of all the objects with the weight A6 of each object. For N objects Oy,
O,, ... Oy, each component A; of the profile vector P is computed as follows:

J A)
P.A=Y 0,.4%0;.4
Jj=1

where O;.A, is the component A; of the j-th object.

We wish to keep the most relevant objects, that is the ones which share "many"
common properties with "many" other objects. These objects are called regular
objects, they are semantically more significant than others. The significance of the
words "many" (properties) and "many" (objects) is given by the topic map profile. A
regular object is associated to at least as many objects and shares as many properties
as the profile.

Among the statistics presented in section 4.1, the values A3 and A5 are more
relevant than A2 and A4: maximum values may not give a reliable information
because they may correspond to an exception. The comparison between the objects
and the profile is thus done using the components A3 and AS.

A regular object O must verify the following conditions:
0.4z profile A

O.42profile.A

C))
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This should be refined using the standard deviation. The standard deviation for
A3 is the mean distance between an object’s value of A3 and the profile’s value of
A3.

S ©)
D)0 4—P.4s
td.dev.As=""—
std.dev N

For AS, the standard deviation is computed in the same way:
i\Oj.As—P.As ©
std.dev.A5=’"]#
Thus, a regular object is defined as follows:

>
O.Ai+std.dev. A>2P.A %

O.A+std.dev..>P.A>

The regularity conditions can be changed (to be more or less restrictive) with a
coefficient (C). Thus, a regular object meets the two following requirements:

O0.4+Cxstd.dev.A=P.A (8)

O.4+Cxstd.dev.£.>P.A>

A non regular object is called a singular object —it conveys little semantics. When
the objects of the topic map are submitted to these conditions, singular objects are
eliminated. When C increases, more objects are suppressed since the conditions are
harsher.

After this selection, we have a new list of objects which are used as an input for
the Galois classification algorithm. A new lattice is generated and the statistics
computed on this new panel of objects provide a new profile. We can thus select
once again the regular objects for this new footprint of the topic map. The new
regular objects are used again as an input for the Galois algorithm, etc. until all the
objects become regular. This happens when no object is eliminated. The algorithm
stalls and we get a stable list of regular objects which we must group together.

4.3 Results

Several topic maps — of different sizes and subjects - were analysed. The figure 4
displays the distribution of objets in three topic maps. The coordinates of the center
of a disk correspond to the values of A3 and A5 attributes. The diameter of a circle
is proportional to the number of objects which have these values for A3 and A5. All
the objets of the simple topic map are very close. This topic map is qualified of
"homogeneous", which means that all topics have the same semantic significance.
Music and icc are "heterogeneous" structures. The objects in the lower left corner
have low values for A3 and AS: they are "singular" - not much related to other
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objects in the topic map. These topic maps can be filtered easily by eliminating these
singular objects.

O music récursif
@icc récursif

A5

O simple récursif

Fig. 4. Topics conceptual distribution
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Fig. 5. Topic map filtering
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The figure 5 illustrates the filtering of six topic maps. Some topic maps can be
simplified a lot; this is the case of discovery. On the other end, after the last
iteration, xmle99mp still contains almost 70% of its topics. This means that it is
more difficult to filter this topic map: all topics have the same semantic value.

5 Topic maps clustering and visualisation

5.1 Clustering algorithm

The Galois lattice which is generated from a topic map contains some concepts
which are made up of a set of topics which share common properties. The lattice
gives an exhaustive description of the input data and the number of concepts
generated may be very high. The concept lattice shown in the figure 3 is quite
complex although it was generated from a small topic map (which contains 46
objects). We wish to group topics together into clusters in order to provide different
level of detail (or scales) of the topic map. We propose to extract a tree from the
Galois lattice. The concepts contained in this tree are the clusters. Thus, we have a
hierarchy of clusters. The root of the tree contains all the topics; it is a gross cluster
which provides no additional information. The next level groups some topics
together, the next level executes a finer grouping of topics, etc. The number of levels
of detail is given by the depth of the tree.

Many clustering algorithms exist; we chose to implement a clustering algorithm
based on Galois conceptual classification. The clusters we generate are thus
conceptually and semantically relevant. This algorithm also allows us to use the
generalisation/specialisation relationship inherent to the Galois lattice.

To build the tree of clusters, we start from the representation which provides the
greatest level of detail. Every cluster corresponds to an object: the objects are not
grouped together. We begin to construct the leaves of the tree: these clusters
correspond to the fathers of the upper bound of the lattice (which is represented at
the bottom of the lattice on the Hasse diagram). This is the most specific level.

For each leaf, we select one unique father which is a generalisation of the
concept. This selection is done according to a hierarchy of criteria which will be
developed in the following. One father is selected for each selected node, and so on
until the lower bound of the lattice is reached. At the end of this process, a tree is
created. Each level of the tree contains clusters which correspond to a level of
detail.

We defined a hierarchy of selection criteria when a concept has several fathers in
the lattice.

— first, we consider the distance between each father and the lower bound of the
lattice (this distance corresponds to the minimum number of edges between
them).
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— if one of the fathers' distance to the lower bound is smaller than the others, this
node is selected. Being at lower distance from the lower bound means that this
concept is semantically richer.

— if several nodes are at a minimum distance from the lower bound, we compare
the sum of the weights of the properties contained in their intention. The node
with the highest value is selected.

— if several fathers meet this requirement, the algorithms chooses the one
which minimises the total number of branches in the tree. If this condition is
not unique, different scenarios are considered, one for each possible father.

5.2 Clusters analysis

Once the tree of clusters is generated, different measures may be computed, e.g. the
proportion of concepts of the initial lattice which were not selected to be clusters.

The depth of the tree is interesting because it indicates the number of navigation
levels that may be provided to the user. We also study the distribution of clusters at
each abstraction level. If a cluster has no father, it means that it cannot be
generalised. On the other hand, a cluster with no children corresponds to the most
specific level.

We may also compute the distances between clusters. The distance between two
clusters may be the average — or minimum, or maximum — distance between two
objects (one in each cluster). Let O1 and O2 be two objects. Let P1 be the set of
properties of O1 and P2 the set of properties of O2. Let INTER be the intersection of
P1 and P2, and UNION the union of P1 and P2. The similarity between O1 and O2
is defined as:

card(INTER) (9)
wi

S(01,02)=— 1

card(UNION)
w'j
J=1

The distance between O1 and O2 is given by (2):

—100—___1 (10)
D(01,02)=100 S(01.00)

5.3 Clusters representation

The levels of detail are symbolised by different colours. At each abstraction level,
clusters are represented by portions of a disk, as shown in figure 6. Each cluster's
size is proportional to the number of children this concept has. When the pointer of
the mouse is over a cluster, its extension — the set of topics contained in this cluster —
or intention — the set of these topics' properties — is displayed. When the user clicks
on a part of the disk, this cluster becomes the current context — i.e. the whole disk -
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and its content is displayed in greater detail. The disk in the upper left corner
represents a global view of the topic map before focusing on a specific cluster.

The figure 6 shows the results of this clustering algorithm on our example topic
map about music. These representations are SVG (Scalable Vector Graphics)
graphics . SVG is a language for describing two-dimensional graphics in XML.
SVG drawings can be interactive and dynamic. SVG leverages and integrates with
other W3C specifications and standards efforts. By leveraging and conforming to
other standards, SVG becomes more powerful and makes it easier for users to learn
how to incorporate SVG into their Web sites.

http://localhosyParserGuill 060701/visu php?v=2:4:1:id-ansel-collins taston-barrett - Microsoft Internet Explorer

t-paul-simonon ;tt-person
tt-musician tt-person|at
-born-in tt-bassist|at-me
mber-of t-paul-simonon

> [ [ [% intenet locel 7

Fig. 6. Clusters visualisation

6 Conclusion and further work

This article presented how XML topic maps could be exploited to help users find
relevant information on the Web. This contribution is at several levels: first, we
characterise Web sites by defining their profile. This may be used to evaluate Web
sites relevance with regard to a specific query. Second, our analysis identifies topics
that have no interest — semantically speaking — which allows to "clean" the topic
map. Finally we showed how we could enhance navigation by clustering Web pages
and displaying them with different levels of details.
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These results were deduced from the analysis of Galois lattices generated from
Web sites with a conceptual classification algorithm. This algorithm is very
powerful as it groups topics semantically.

In the future, we will study Web sites clusters in more details. For example, we
noticed that some of the clusters are less relevant than others; it may thus be possible
to further filter the Web site if it is really too large.

We will also investigate how ontologies may be used to characterise our clusters.
Galois algorithm generates clusters which have a semantic value without expressing
this semantics explicitly. Ontologies may help us make this information explicit.
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