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Abstract.  This paper presents a new ontology mapping method be-
tween a source ontology and a target one considered as a refance. Both
ontologies are composed of triplets of the form (object, characteristic,
value). Values describing the objects of the reference ontdogy are hier-
archically organized using the a kind of relation. The proposed method
considers the ontology mapping problem as a rule application problem
in the Conceptual Graph model. First, a vocabulary common to both
ontologies is de ned using mapping between values and characteristics.
Each value of the source ontology is associated with a fuzzy ®t of values
of the reference ontology. Then, the source ontology is translated into a
fuzzy conceptual graph base and the reference ontology intoa conceptual
graph rule base. Finally, rules are applied into the fact base in order to
nd correspondences between objects of both ontologies. This method is
implemented and applied to the mapping of ontologies in risk assessment
in food products, and experimental results are presented.

1 Introduction

Information systems which are characterized by the presere of multiple and
independent knowledge representation are concerned by thproblem of the in-
teroperability among them. Mappings play a key role to treat that problem and
may be used for di erent purposes (schema or ontology integation, ontology
engineering, ...). Ontology matching is de ned as a processhat takes two on-
tologies as input and returns a mapping which identi es corresponding concepts
in the two ontologies by taking into account their descriptions and constraints in
terms of names, properties and semantic relations. The prdem on the ontology
matching problem has been widely investigated in the literdure (see [5, 8, 7, 2]).
In the framework of Conceptual Graphs (CG), previous works p] have shown
that this model can be extended to ontology matching based onconceptual
properties. In this paper, we want to use the CG model when ormlogy matching
is based simultaneously on lexical and conceptual propemtis. More precisely,
we want to address the mapping process of a source ontology thia target
ontology considered as a reference. Both ontologies are cpwsed of triplets
of the form (object, characteristic, value). There is no clas categorization for



objects and characteristics, and the values contained in te reference ontology
are organized according to thea kind of partial value function. We propose to
use fuzzy CGs [10] to represent and to match ontologies for ttlee main reasons:
(i) the support of the CG model is well adapted to the represemation of the
taxonomies of the reference ontology; (ii) the projection @eration takes into
account the specialization relation between values of the mtologies; (iii) the
fuzzy extension encodes similarities between values and f@zts of the ontologies.

The aim of the proposed mapping method is to establish corrgsondences
between objects of two ontologies. The mapping problem adiesed in this paper
is not a symmetric problem since one of the two ontologies isansidered as a
reference. So we propose a new ontology mapping method in vdhi the reference
ontology is considered as a rule base and the source ontologg a fact base. The
ontology mapping problem then becomes a rule application psblem. Neverthe-
less, in order to apply rules into a fact base, both rules anddcts must be de ned
with the same vocabulary. So, our mapping method can be dividd into three
main steps. The rst step (section 2) consists in de ning a vocabulary common
to the source and the reference ontologies. The second stepection 3) concerns
the translation of the source ontology into a fact base and ofthe reference on-
tology into a rule base. The third step (section 4) deals withthe application of
the rules into the fact base in order to nd correspondences btween objects of
both ontologies. Finally, experimental results are preseted in section 5.

2 De nition of a common vocabulary

We have chosen the Conceptual Graph (CG) model as formalizeth [1] in order
to represent and to compare objects of a source ontology deted S with objects
of a reference ontology denotedR. The CG model contains (i) the terminolog-
ical knowledge made of a concept type lattice which containsa smallest type
denoted ? and a biggest one denoted>, a relation type set possibly organized
in hierarchy, a set of individual markers enabling the desigation of instances
and a conformity relation between markers and types, (ii) a G5 fact base built
on the terminological knowledge and (iii) rules of the formGy ) G¢ whereGy
represents the hypothesis of the rule andsc its conclusion.

In order to compare objects of S with objects of R, we would like to use
the projection operation on CGs. But the objects of S are not de ned with the
same vocabulary as the objects oR. Since the ontologyR is a reference one,
we propose to express each object & in terms of characteristics and values of
R. For that, we de ne a mapping between values and characterics of S and
R. We only brie y recall this mapping which has already been presented in [3].

weighted by their lexical closeness to the valuer using the Dice coe cient. Such
a set of values is represented by a fuzzy set [11, 12].

Example 1 Let pollock raw be a value ofS. Let pollock, Alaska pollock be
values ofR. polockraw =T 0.66/pollock + 0.5/Alaska pollock g.



The lexical mapping between values is used to identify corrgpondences be-
tween characteristics ofS and R. The result of the mapping between values and
characteristics of S with values and characteristics ofR is de ned below.

De nition 1 We call linked values of the source ontologyS, denotedLVs, the
set of values ofS such that each of them is associated with a set of values of the
reference ontologyR with a given relevance score, represented by a discrete fyzz
set. We call linked characteristics of S, denoted LCs, the set of characteristics
of S such that each of them is associated with one characteristiof R.

Thanks to this mapping, we can now present the terminologichknowledge
common to S and R. The concept type set is composed of the object names
of S and R, the set of characteristics ofR, the hierarchized set of values ofR
and the concept type NumVal. The relation type set is composed of the relation
types HasForCharac, HasForValue, IsAnnotatedBy and HasForScore The set of
individual markers contains values of the reference domairof the real numbers
R.

3 Translation of the ontologies into fact and rule bases

Since the vocabulary common to the source ontology and the reference ontol-
ogy R has been de ned, we can now deal with the second step of our mamng
method i.e. to translate S into a CG fact base andR into a CG rule base.

3.1 Translation of the source ontology into a fuzzy CG base

Each object of S is represented by a CG using the terminological knowledge
described above: each of its characteristics and each of isssociated values are
represented by means of their corresponding characterigtiand values inR. Since
each value of the object inS is associated with a fuzzy set of values iR %, the CG
contains fuzzy values. We have proposed in [10] an extensioof the CG model
to represent fuzzy values: a fuzzy set with a hierarchized ference domain can
be represented in a concept vertex as &uzzy type

Denition 2  Let f be the fuzzy value function which associates each value of
LVs with its corresponding values in the reference ontologiR and their relevance
score. Let g be the value function which associates each characteristiof LC s
with its corresponding characteristic in R. Let Cr = f Charac], :::, Characg g
be the set of characteristics oR. Let Namey be the name of an objecly of the
source ontologyS. Let Cy = f g(Characf), :::, g(Charact,) g 2 Cr, m p,
be the set of characteristics associated witty in R, where Chara¢ 2 LCs,
i 2[L;m]. Let C¥ = f Charag', :::, Characf g, p m | k p, be the set
of characteristics of R such thatC? = Cr nCJ . Let Valuey, :::, Valuey be the
values associated with the characteristics of and belonging toLVs. Then each
object Y of S can be represented by the C&J of Figure 1.

! This fuzzy set of values has a semantic of similarity and represents the ordered list
of the most similar values of R associated with a value of S.
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Fig.1. The CG GJ associated with an object Y of S.

Example 2 Let fresh sh be an object ofS. Its associated list of couples (charac-
teristic : value) is: (presentation: whole) and (which sh ?: pollock raw). Figure 2

presents the CGG{; associated withfresh sh, where g(presentation)= "origin

of main ingredient' and g(which sh?)= “physical state, shape'.
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Fig.2. The CG GJ; associated with the object fresh sh of S.

3.2 Translation of the reference ontology into CG rules

Each object of R is represented by means of a CG rule which allows objects of
S to be annotated with objects of R according to the correspondences between
their characteristics and associated values.

De nition 3 Let Cy = f Charac], :::, Charac; g be the set of characteristics
of the reference ontologyR. Let Namey be the name of an objecX of R. Let
Cy = f Charac}, :::, Charact g, n p, be the set of characteristics associated
with X . Let C%= f Characl, :::, Characl g, p n | k p, be the set of
characteristics of R such that C? = Cr nCJ. Let Valuey, :::, Value, be the
values associated with the characteristics oK . Then, each objectX of R can



be represented by the CG ruldRx of Figure 3 where the marker *scoreproj is
the adequation degree between the hypothesis®% and a CG into which there
exists a -projection (see De nition 4).
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Fig.3. The CG rule Rx associated with an object X of R. Vertices framed in bold
correspond to the conclusion of the rule.

Example 3 Let cod, raw be an object ofR. Its associated list of couples (char-
acteristic : value) is: (origin of main ingredient: cod or cod sh), (physical state,
shape: whole, shape solid) and (preservation method: prased by refrigeration).
Figure 4 presents the CG rule associated with the objeatod, raw of R.
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Fig.4. The CG rule R associated with the object cod, raw of R.
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4 Using CG rules for fuzzy matching of objects

Objects of the ontologiesS and R are now represented by comparable CGs using
the same vocabulary. The objects ofS are represented by fuzzy CGs and the
objects of R by CG rules. The next and last step of our mapping method congts
in applying the CG rules into the fuzzy CGs in order to nd corr espondences
between objects ofS and objects ofR. These rules application allows the objects
of S to be enriched with annotations that are sets of similar objets of R.

The rule application requires to compare a crisp CG which repesents the
hypothesis of a rule with a fuzzy CG which represents an objdcof S and may
contain fuzzy values. This comparison is made using the -projection which is
an extension of the projection operation de ned in [10, 3].

Deniton 4 A -projection from a crisp CG G into a fuzzy CG Gis a triple
(g, h, ), g (resp. h) being a mapping from the set of concept (resp. lation)
vertices of G into the set of concept (resp. relation) vertices of G® such that:
(i) the edges and their numbering are preserved; (ii) the ladls of the relation

labelledt; : m;i, ¢ is mapped with its imageg(c) 2 GO labelledt? : m?, with an
adequation degree; = clos (t°) (i), clos (1%) being the membership function of the
fuzzy type closure oft?. The adequation degree of5 by G%is = minj=; ...n .

We can now identify the correspondences between objects & and R. Each
rule associated with each object oR is -applied into the fuzzy CGs representing
the objects of S, being a threshold allowing the end-user to avoid too bad
correspondences between objects. The-application is an extension of the rule
application de ned in [9].

Denition 5  There exists a -application from a rule Gy ) G¢ intoa CG G
if there exists a -projection from Gy into G such that

Example 4 Let us consider the objectfresh sh of S described in Example 2
and represented by the CGGT¢ of Figure 2. Let us consider the objectcod,
raw of R described in Example 3 and represented by the rul@. of Figure 4.
There exists a0:5-projection from the hypothesis ofR¢ into GT¢ . So, R can
be 0:4-applied into GT¢; . The resulting CG R[GTy; ] is described in Figure 5.

D,

Fig.5. The resulting CG R[GTy; ] obtained from the application of the rule R¢ from
Figure 4 into the CG GTy from Figure 2 is partially shown here. It includes the one
of Figure 2 completed by the annotation framed in bold of this gure.

Thus, at the end of this mapping process, each object of the source ontology
S is associated with a set of candidate objects (see De nitior) of the reference
ontology R, weighted by their adequation degrees to the objecty .



De nition 6  An object X of the reference ontologyR is a candidate for an
object Y of the source ontologyS with the adequation degree if the generic
concept vertex of typeNamey is linked by the relation vertexlsAnnotatedBy

to the generic concept vertex of typeNamey which is linked by the relation
vertex HasF orScore to the individual concept vertex NumV al: ).

Example 5 According to Example 4, the objectcod, raw of R is a candidate
for the object fresh sh of S with the adequation degreed:5.

5 Experimentation

We have developed methods to estimate the exposure of a givgropulation of
consumers to chemical contaminants using two databases: ¢ rst one, called
CONTA, considered as the reference ontologRR, gives the degree of chemical
contamination for 472 food products; the second one, calle@ONSO, considered
as the source ontologys, stores household purchases of 2595 food products.

We have realised an expert manual mapping: 398 food productfrom the
CONSO ontology (i.e. 84.32% from 472) have been associated with 2Q food
products from the CONTA ontology (i.e. 78.65% from 2595) by 3258 mappings.
Only 118 mappings (i.e. 3.82% from 3258) associate one foodquuct from the
CONSO ontology with exactly one food product from the CONTA ontology.

Table 1 gives precision (the percent of the found correct mapings to the
found mappings) and recall (the percent of the found correctmappings to the
correct mappings found manually) for dierent correspondences. Mapping of
food product names, without mapping of characteristics, pemits to retrieve
half of the manual matches but has a very bad precision (8.8%)Mapping of
characteristics enhances the recall till around 77%. We haw also evaluated the
in uence of the taxonomy de ned on the values of R: for the mapping of 6 (resp.
20) characteristics, 6.96% (resp. 8.38%) of 74.40% (77.04%re obtained.

|# nb charac][# found [# correct][p  100[r  100]

0 18283 1608 8.80 49.36
6 72 365 2 424 3.34) 74.40
20 120 468§ 2 510 2.08 77.04
Table 1. Results obtained with a number of mapped characteristics fr om 0 to 20

6 Conclusion

In this paper we present an ontology mapping method between @ource ontol-
ogy and a reference one. Both ontologies are composed of thgts of the form
(object, characteristic, value). Values describing the oljects of the reference on-
tology are hierarchically organized using thea kind of relation. First, all the
objects of the source ontologyS are represented into a fuzzy CG base, denoted
KBs'. Then, all the objects of the reference ontologyR are represented as a set



of CG rules, denotedRulesg . Finally, the rules from Rulesg are applied into
KBs'. This application produces an annotation for objects from$S that encodes
correspondences with objects fronR and the associated adequation degrees. We
have shown in this paper that, thanks to our fuzzy extension ¢ the CG model,

it is possible to represent and manipulate lexical mapping esults combined with
semantic properties. This method has been implemented and pplied to the
mapping of ontologies in risk assessment in food products. @ experimentation
shows that the method has a rather good recall but a poor preaion.

A rst perspective to enhance our method is to study other conparaison tech-
nigues between characteristics and values such as semantachniques or contex-
tual matching techniques. An other perspective is to apply,in post-treatement,
semantic constraints on the generated mappings between obégts. Finally, we
want to compare our results with the one obtained using otherontology aligne-
ment methods thanks to ontology alignment comparison systms ([4]).
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